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One solution is to calculate these characteristics at different points in time and use ...... 21 Mark Grinblatt and S. Titman, â€œMutual Fund Performance: An Analysis of Quar- ...... ings and equity book values as well as the variety of accounting principles ...... for 21st century evaluators has become, â€œEvaluate skill, not style.â€�. 
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Preface



Since the publication of the second edition of this book in 1997, equity style management has strengthened its position as a key component of domestic and foreign equity analysis and portfolio management. Much like the period leading up to the publication of the second edition, many important developments have occurred prior to the publication of this edition. In fact, of the 20 chapters in this edition, 17 are new. We are again fortunate to have gathered together some of the key innovators and practitioners of equity style management from academia and the investment profession. These 35 experts combine to provide the most up-to-date treatment available of the key issues and developments in this rapidly evolving ﬁeld. Readers of the book will ﬁnd it a valuable aid to improving their understanding of the theory and practice of equity style management.
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Overview of the Book



Chapter 1 by Dor and Jagannathan begins with a brief overview of portfolio-based style analysis and then provides a detailed treatment of returnsbased style analysis, including some common pitfalls. Included in this chapter is an example of the use of returns-based style analysis to analyze hedge funds. Chapter 2 by Arnott and Luck discusses the various deﬁnitions of equity style and their use in quantitative investment management. An overview of the various models of equity style measurement is provided by Radcliffe in Chapter 3, where he suggests that all models add important information to the equity management process. Chapter 4 by Hardy provides an extensive discussion of returns-based style analysis and how it can be used to dissect equity portfolios. In Chapter 5 Kaplan, Knowles, and Phillips unveil a new portfolio-based style model used by Morningstar to analyze mutual funds. Following the advice given in Chapter 3, Surz demonstrates in Chapter 6 how to combine returns-based with holdings-based style analysis to sort out luck from skill in equity portfolio management. Chapter 7 by Speidell and Graves suggests that the current deﬁnitions of “growth” and “value” are no longer appropriate and presents a new framework for deﬁning these key terms. In Chapter 8, Shefrin and Statman apply the new tools of behavioral ﬁnance to the analysis of equity style. A framework for understanding the periodic disparities in the performance of value and growth managers is provided by Haugen in Chapter 9. In Chapter 10, Roll presents empirical evidence that shows how the major equity style descriptors (size, earnings/price and book/market) have different risk proﬁles, and demonstrates that the Capital Asset Pricing Model and Arbitrage Pricing Theory cannot fully explain disparities in equity style performance. Chapter 11 by Kahn and Rudd presents evidence that past returns are not a good predictor of future returns for equity style mutual funds, using data collected over three time periods. Details of how the “Technology Bubble” of the late 1990s disrupted the “normal” cycle of equity style performance are described by Pinkernell and Bernstein in Chapter 12. In Chapter 13, Ahmed, Gallo, Lockwood and Nanda discuss how rotation among the various equity styles has the potential to greatly enhance portfolio returns. Chapter 14 by Reinganum
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Overview of the Book



presents a “style allocation” model that adds substantial value to forecasts of small cap and large cap portfolio returns. Chapter 15 by Cardoza discusses how a large state retirement fund uses equity style to manage its equity portfolio. In Chapter 16, Shea provides a detailed analysis of the major domestic and foreign equity style index portfolios. In Chapter 17, Asness, Krall, and Liew shows how a simple measure of the value-growth spread can enhance the success of international value investment strategies. Chapter 18 by Arshanapalli, Coggin, and Nelson offer new evidence on the January effect and its impact on international value investment strategies. In Chapter 19, Becker derives the mathematical basis of returns-based style analysis. We believe that this is the ﬁrst time this has been made available to a broad audience. Chapter 20 by Hill presents a detailed treatment of equity style index futures and equity style exchange-traded funds (ETFs), the latest addition to the list of equity style investment vehicles. As a ﬁnal note, we ask the reader to keep in mind that (as with the ﬁrst two editions) there is still some variation in the terminology used in equity style management. For example, some authors abbreviate returnsbased style analysis “RBSA,” while some others use “RBS.” Similarly, some authors use the term “portfolio-based style analysis,” while some others substitute “holdings-based style analysis. This should not be a source of concern. T. Daniel Coggin Frank J. Fabozzi
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Style Analysis: Asset Allocation and Performance Evaluation Arik Ben Dor Lecturer Kellogg School of Management Northwestern University Ravi Jagannathan, Ph.D. Chicago Mercantile Exchange Distinguished Professor of Finance Kellogg School of Management Northwestern University



everal changes have taken place in the past three decades in the U.S. capital markets. An important one among them is the reduction in the direct holdings of corporate equities by individual investors and a corresponding increase in institutional holdings. The growth of mutual funds and pension funds during this period has been the primary cause of the sharp increase in the institutional holdings of equities in the U.S. Whereas mutual funds and pension funds held only 14% of all U.S. corporate equities in 1970, they held almost 40% by 2001.1 While holding equities through money management institutions has made it possible for individual investors to reap diversiﬁcation beneﬁts and plan sponsors to beneﬁt from specialization, it has not been without cost. Individual investors as well as pension plan sponsors who invest through
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Based on the Flow of Funds Accounts of the U.S., Board of Governors of the Federal Reserve System.
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professional money managers need to monitor their actions and evaluate their performance and this introduces invisible agency costs. For example, consider a large plan sponsor who allocates the funds across several money managers based on each manager’s unique investment style. How can a plan sponsor verify that the investment decisions taken by the manger and the securities he or she purchased are consistent with the assigned investment style? How can a plan sponsor ensure that the bets taken by different external managers do not offset each other? Furthermore, external money mangers are compensated based on their performance. In many cases an active investment manger’s performance is assessed in terms of her ability to “beat a benchmark.”2 How can the pension fund manger evaluate the nature of the risk the manager undertook in order to attain a performance that is superior to that of the benchmark? These problems are not unique to plan sponsors, but are also of considerable concern to individual investors who own actively managed mutual funds. Return-based style analysis provides a way of identifying the asset mix of the fund manager and comparing it with the asset mix of the performance benchmark. This enables the plan sponsor to understand the nature of the style and selection bets taken by an active manager. The correlation structure among the type of bets taken by different active managers provides a plan sponsor or an individual investor with valuable insights regarding the extent to which the bets cancel or reinforce each other. This chapter provides a comprehensive description of how return-based style analysis can be used to analyze the investment style of professional money mangers and examine their relative performance. After a brief overview of portfolio-based style analysis, we describe the methodology and the mechanics of return-based style analysis with several examples using mutual funds data. We also discuss several common pitfalls in implementing the technique and how it can used to analyze the style of hedge fund managers.3 2



An example would be a management fee of 10 basis points (0.10%) of assets under management plus an additional 15 basis points for each 1% of performance over the benchmark such as the S&P 500. Typically the fees are determined from time to time through negotiation between the manger and the pension plan 3 The section “Return-Based Style Analysis” follows closely the exposition in William Sharpe, “Asset Allocation, Management Style, and Performance Measurement,” Journal of Portfolio Management, 18 (1992), pp. 7–19. The section “Style Analysis of Hedge Funds” follows closely the exposition in William Fung and David Hsieh, “Empirical Characterization of Dynamic Trading Strategies: The Case of Hedge Funds,” Review of Financial Studies, 10 (1997), pp. 275–302, and William Fung and David Hsieh, “The Risks in Hedge Fund Strategies: Theory and Evidence from Trend Followers,” Review of Financial Studies, 14 (2001), pp. 313–341.
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EXHIBIT 1.1



An Example of Portfolio Based Analysis for a Global Manager (January 2001 through December 2001)



Japan Europe and U.S. Emerging Markets Overall



Manager Holdings



Benchmark Composition



Difference in weights



65% 20% 15% 100%



40% 30% 30% 100%



25% –10% –15% —



Total difference in returns Attributed to country-weighting Return due to selection



Return 8% 5.5% 3% —



Total Effect 2.0% –0.55% –0.3% 1.15% 1.65% 1.15% 0.50%



PORTFOLIO-BASED STYLE ANALYSIS The performance of money managers is often evaluated by comparing the performance of the managed portfolio against the performance of a particular manager-speciﬁc passive benchmark (e.g., S&P 500 for a Large Cap Core manager). Performance attribution seeks to explain the sources of the difference between the manager’s performance and that of the speciﬁed benchmark. In other words, once it is clear what the results were, the goal is to ﬁnd out why they were what they were. One commonly used approach is to examine the composition of the manager’s portfolio and compare the characteristics or attributes of the securities the manager has invested in with the characteristics of the securities that make up the performance benchmark. Some of the common characteristics that are often used in such comparisons include: market cap, book-to-market ratio, historic earnings growth rate, dividend yield and for ﬁxed income securities attributes such as duration, rating, etc. The attributes are averaged across securities and the returns associated with each attribute are determined. Exhibit 1.1 provides a simple example of a global manager that outperformed his benchmark during 2001 by 165 basis points (1.65%). The analysis shows that of the total difference, 115 basis points could be attributed to the portfolio “tilt” toward investing in Japanese stocks during a period in which Japanese stocks outperformed stocks of ﬁrms from other developed countries and emerging markets countries. The remaining 50 basis points could then be associated with the manger’s ability to select “winners” within the various regions. As mentioned earlier the use of portfolio-based style analysis requires knowledge of the composition of the managed portfolio as well as the performance benchmark at the time of the analysis. In the case of
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a pension plan sponsor the money manger typically would provide the necessary information to the pension plan for performing the analysis. In the case of mutual funds, the investor can obtain this information from quarterly ﬁlings. Some Web sites also provide information on mutual fund characteristics computed using portfolio-based style analysis and classify the funds they cover into various categories. Exhibit 1.2 displays information available from the Morningstar Web site (www.morningstar.com), for the Goldman Sachs Growth and Income Fund as of January 2002. Panel a displays the equity characteristics of the fund portfolio and a comparison to the S&P 500 Index. The portfolio attributes represent an aggregation of the individual securities comprising the fund portfolio (the top 25 holdings are shown in Panel b). The fund invests in only 95 stocks with no bonds, and also maintains some exposure to foreign markets (roughly 5%). The companies owned by the fund are much smaller than those included in the S&P 500 (the median ﬁrm size is roughly $28 billion versus $58 billion in the S&P 500) and the industry weightings differ substantially (see Panel c). The fund has a somewhat higher average price-to-book ratio, but a lower price-to-earnings ratio. This is probably because the stocks owned by the fund experienced a higher earning growth relative to price in the past than the stocks comprising the benchmark. The difference in returns between the fund and the benchmark that may arise may be attributed to the characteristics bets the fund took relative to the performance benchmark. For example, the difference in industry weighting between the fund and the benchmark, coupled with the returns for each industry can be used to calculate the contribution of ‘industry bias’ to the overall return difference as shown in Exhibit 1.1. EXHIBIT 1.2



Portfolio-Based Analysis for Goldman Sachs Growth and Income Fund, Based on Morningstar Data as of 01/31/2002 Panel a. Equity Characteristics



Number of Stocks Median Market Cap Price/Earnings Ratio Price/Book Ratio Price/cash ﬂow Earnings Growth Rate Bond holding Foreign Holdings Turnover Rate (Fiscal Year) Cash Investments



Growth and Income Fund



S&P 500



95 $27.84B 25.1× 4.2× 13.2× 16.2% 0% 4.93% 40.0% 0.1%



500 $58.0B 30.3× 3.7× 18.85× 14.2% — — — —
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EXHIBIT 1.2 (Continued) Panel b. Portfolio Stock Composition



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25



Name of Holding



Sector



P/E



YTD Return %



% Net Assets



ExxonMobil Citigroup ChevronTexaco Bank of America ConAgra Merck Philip Morris Freddie Mac Heinz HJ XL Cap Cl A Kimberly-Clark U.S. Bancorp SBC Comms PPL KeyCorp Alliance Cap Mgmt Hldg Wells Fargo Anheuser-Busch Energy East PNC Finl Svcs Grp Keyspan Aon Deere Motorola Intl Paper



Energy Financial Energy Financial Staples Health Staples Financial Staples Financial Industrial Financial Services Utility Financial Financial Financial Staples Utility Financial Energy Financial Industrial Technology Industrial



17.64 16.00 26.54 12.36 18.71 19.51 13.43 11.18 28.99 23.48 20.38 22.24 17.39 26.66 78.00 20.57 23.32 25.53 11.98 29.22 20.16 45.35 — — —



–0.19 –13.50 –8.00 –2.81 –0.66 4.18 13.35 –3.44 1.53 3.04 4.26 –6.50 –4.80 –6.69 –0.66 –9.20 6.33 7.14 2.81 0.09 –10.42 –1.01 3.28 –17.64 6.82



3.35 3.32 2.87 2.70 2.46 2.43 2.26 2.18 2.08 2.05 2.04 1.74 1.70 1.61 1.52 1.46 1.43 1.34 1.33 1.27 1.24 1.21 1.21 1.19 1.13



Portfolio-based style analysis requires information on portfolio composition, which may be difﬁcult to obtain. Further the classiﬁcation of individual securities into slots based on characteristics can involve substantial amount of judgment. For example, a conglomerate ﬁrm would typically have operations in several different sectors of the economy and it may be difﬁcult to identify how much of the ﬁrm goes into each sector. In addition, portfolio compositions may change over time. Point in time categorization may result in signiﬁcant style “drift.” Such “drift” would render long-term style comparisons not very meaningful. One solution is to calculate these characteristics at different points in time and use multiple portfolios to classify the investment manger.
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EXHIBIT 1.2 (Continued) Panel c. Industry Weightings Sector Diversiﬁcation (% of Common Stocks) Utilities Energy Financials Industrials Durables Staples Services Retail Health Technology



Growth and Income Fund



S&P 500 Index



Difference



6.40 10.00 36.20 10.40 0.70 11.00 10.80 1.00 6.30 7.30



2.89 6.42 17.78 11.06 2.82 8.92 4.86 13.56 14.90 16.80



3.51 3.58 18.42 –0.66 –2.12 2.08 5.94 –12.56 –8.60 –9.50



Another problem arises from simply calculating portfolio characteristics based on the portfolio holdings. A domestic equity mutual fund investing in domestic stocks that derive a majority of their revenue from sales abroad will clearly be inﬂuenced by factors in foreign economies. If the foreign economies go into recession, the fund will be affected. In this way, the fund, although domestic, responds to factors in foreign economies with a manner similar to an international equity fund. An investor interested in foreign exposure may be able to obtain it through investing in such a domestic fund. In William Sharpe’s often-quoted words, what is important here is that “If it acts like a duck, assume it’s a duck.” One advantage of the approach however, is that it provides updated information on the money manger investment strategy and asset allocation.



RETURN-BASED STYLE ANALYSIS While it is possible to determine a fund’s investment style from a detailed analysis of the securities held by the fund, a simpler approach that uses only the realized fund-returns is possible. Return-based style analysis, requires only easily obtained information, while portfoliobased style analysis requires knowledge of the actual composition of the portfolio.
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Relation to Multifactor Models Multiple factor models are commonly used to characterize how industry factors and economy wide pervasive factors affect the return on individual securities and portfolios of securities. In such models a portfolio of factors is used to replicate the return on a security as closely as possible. Equation (1) gives a generic n-factor model that decomposes the return on security i into different components: ˜ i, t = β F˜ + β F˜ + … + β F˜ + ε˜ R i, 1 1, t i, 2 2, t i, n n, t i, t



t = 1, 2, 3, …, T (1)



˜ i, t is the return on security i in period t; F˜ 1 represents the value where R of factor 1; F˜ 2 the value of factor 2; F˜ n the value of the nth factor and ε˜ i is the “nonfactor” component of the return. The coefﬁcients β i, 1, β i, 2, …, β i, n represent the exposure of security i to the different set of industry and economy-wide pervasive factors. The expression β i, 1 F˜ 1, t + β i, 2 F˜ 2, t + … + β i, n F˜ n, t + ε˜ i, t is the particular combination (portfolio) of factors that best replicates ˜ i, t . In factor models the portfolio weights, β , β , …, β the return R i, 1 i, 2 i, n need not sum to 1; and a factor, F˜ k, t , need not necessarily be the return on a portfolio of ﬁnancial assets. Sharpe’s return-based style analysis can be considered a special case of the generic factor model.4 In return-based style analysis we replicate the performance of a managed portfolio over a speciﬁed time period as best as possible by the return on a passively managed portfolio of style benchmark index portfolios. The two important differences when compared to factor models are: (i) Every factor is a return on a particular style benchmark index portfolio, and (ii) the weights assigned to the factors sum to unity. Rewriting equation 1 yields ˜ ˜ R p, t = [ δ 1, p x 1, t + δ 2, p x 2, t + … + δ n, p x n, t ] + ε t, p



t = 1, 2, 3, …, T (2)



˜ where R p, t represents the managed portfolio return at time t and x1,t, x2,t, …, xn,t are the returns on the style benchmark index portfolios. The slope coefﬁcients, δ1,p, δ2,p, …, δn,p, also referred to as style asset class exposures, represent the average allocations among the different style benchmark 4



W. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” Journal of Portfolio Management, 18 (1992), pp. 7–19; and “Determining a Fund’s Effective Asset Mix,” Investment Management Review, 2 (December 1988), pp. 59– 69.



8



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



index portfolios during the relevant time period. The sum of the terms in the square brackets is that part of the managed portfolio return that can be explained by its exposure to the different style benchmarks and is termed the style of the manger. The residual component of the portfolio return, ε˜ t, p , reﬂects the manager decision to deviate from the benchmark composition within each style benchmark asset class. This is the part of return attributable to the manager stock picking ability and is termed selection. Given a set of monthly returns for a managed fund, along with comparable returns for a selected set of style benchmark index portfolios (asset classes), the portfolio weights, δ1,p, δ2,p, …, δn,p, in equation (2) can be estimated using multiple regression analysis. However, in order to get coefﬁcients’ estimates that closely reﬂect the fund’s actual investment policy, it is important to incorporate restrictions on the style benchmark weights. For example, the following two restrictions are typically imposed: δ j, p ≥ 0



∀j ∈ { 1, 2, …, n }



δ 1, p + δ 2, p + … + δ n, p = 1



(3) (4)



The ﬁrst restriction corresponds to the constraint that the fund manager is not allowed to take short positions in securities. The second restriction imposes the requirement that we are interested in approximating the managed fund return as closely as possible by the return on a portfolio of passive style benchmark indexes. The “no short-sale constraint” is standard for pension funds and mutual funds. For funds that employ some leverage, short-selling, or derivatives (such as hedge funds discussed later in this chapter), other bounds may be invoked.5 As before, the objective of the analysis is to select a set of coefﬁcients that minimizes the “unexplained” variation in returns (i.e., the variance of ε˜ t, p ) subject to the stated constraints. The presence of inequality constraints in (3) requires the use of quadratic programming to estimate the parameters since standard regression analysis packages typically do not allow imposing such restriction. Writing equation (2) in vector form and rearranging the terms yields E p = R p – X∆ p 5



(5)



The Investment Company Act of 1940 requires mutual funds to state their likely use of derivatives in their prospectuses. Although most of the mutual funds do explicitly state so in their prospectuses, they rarely use derivatives. See J.L. Koski and J. Pontiff, “How Are Derivatives Used? Evidence from the Mutual Fund Industry,” Journal of Finance, 54 (1999), pp. 791–816. They find that only 20% of the mutual funds in their sample of 675 equity mutual funds invest in derivatives.
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where X is the T × n matrix of asset classes returns, Rp is the T × 1 vector of portfolio returns and ∆p is the n × 1 vector of slope coefﬁcients δ1, δ2, …, δn. The term on the left Ep is the T dimensional vector [ε1,p, …, εT,p]′ of differences between the returns on the fund and the returns on the portfolio of passive benchmark style indexes corresponding to the n dimensional vector ∆p of style benchmark portfolio weights (also referred to as asset class exposures). The goal of return-based style analysis is to ﬁnd the set of nonnegative, style-asset class exposures, ∆' p = δ1,p, δ2,p, …, δn,p, that sum to 1 and minimize the variance of ε˜ t, p , referred to as fund’s tracking error over the style benchmark. The objective of this analysis is to infer as much as possible about a fund’s exposures to variations in the returns of the given style benchmark asset classes during the period of interest. The mathematics of this procedure is fully explained in Chapter 19 in this book by Thomas Becker. The style asset class exposures, referred to hereafter as style, identiﬁed by return based style analysis represent the average style over the period covered when style varies over time. The return on the portfolio of passive benchmark style indexes is commonly referred to as the style benchmark return for the fund. In any given month the return on the fund will in general be different from the style benchmark return. That may be due to style rotation, i.e., time variations in the style of the fund and selection of securities within asset classes in a way that is different from the composition of the securities that make up the primitive style indexes used in the analysis.



Active Versus Passive Management The decomposition of a managed portfolio return into two components, style and selection, provides a natural distinction between “active” and “passive” managers. An “active” manager is looking for ways to improve performance by investing in asset classes as well as individual securities within each asset classes that she considers underpriced. She will therefore deviate from the style of the performance benchmark index (i.e., tilt towards style benchmarks that she considers undervalued and away from style benchmarks she considers overvalued), and select individual securities within each style benchmark asset class that she considers as being good buys. Hence she will typically have different exposure to the style benchmark asset classes when compared to her performance benchmark. She will also be holding a different portfolio of securities within each style benchmark asset class. She may also be holding securities that fall outside the range of asset classes spanned by the style benchmarks. As a result, the benchmarks will have a lower explanatory power and the residual terms ε˜ i will be larger in absolute value for the managed funds when compared to their respective performance benchmarks. In
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contrast, “passively managed” funds do not buy and sell securities based on research and analysis; rather, the fund’s assets are simply deployed among different asset classes. As a result, the ε˜ i ’s will be closer to zero for passively managed funds when compared to actively managed funds. In this sense, a passive fund manger provides an investor with an investment style, while an active manger provides both style and selection. When the right style benchmarks are used, R2 is an useful measure for identifying “active” managers from “passive” managers; where R2 is the proportion of the variance “explained” by the selected style benchmark asset. Using the traditional deﬁnition of R2 for portfolio p, we have Var ( ε˜ p ) 2 R = 1 – --------------------˜ p) Var ( R



(6)



The right side of equation (6) equals 1 minus the proportion of variance “unexplained.” The resulting R-squared value thus indicates the pro˜ p “explained” by the n asset classes. portion of the variance of R Notice also that the vector of residuals is not necessarily orthogonal to the matrix of benchmark returns as is the case in multivariate regression, because of the constraints (e.g., X′E p ≠ 0 ). As a result the alternative deﬁnition of R2 given by 2



R = Var ( δ 1, p x 1, t + δ 2, p x 2, t + … + δ n, p x n, t ) ⁄ Var ( R p ) is not in general equivalent to the deﬁnition given in equation (6) for return-based style analysis.



Applying Return-Based Style Analysis To demonstrate how return-based style analysis is applied in practice, we analyze a set of open-end mutual funds returns using StyleAdvisor software of Zephyr Associates Inc. We use twelve asset classes, each represented by a market capitalization-weighted index of a large number of securities. See Appendix 1.1 for a description of the asset classes. In addition to Bills (Cash equivalent with less than three months to maturity), the model includes intermediate and long term government bonds (between 1–10 years and over 10 respectively) and corporate bonds as three distinct asset classes. Longer maturities government bonds correspond to higher risk due to variation in the shape of the yield curve and higher expected returns. Corporate bonds returns are also affected by changes in the market price of default risk (credit spread).
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We use the Russell 3000 index as a measure of the value of all publicly traded corporate equities in the U.S. The Index tracks the performance of the 3,000 largest U.S. companies and represents approximately 98% of the investable U.S. equity market. The largest 1,000 companies in the Russell 3000 constitute the Russell 1000 index and the remaining companies are included in the Russell 2000 index. The Frank Russell Company also assigns all stocks in each index to growth and value subindexes based on their relative price-to-book ratio and the Institutional Brokers Estimate System (I/B/E/S) consensus analyst forecast for long-term earnings per share growth rate. All four indexes are mutually exclusive and exhaustive, market cap-weighted, annually rebalanced and include only common stocks domiciled in the U.S. and its territories. This division captures the two key dimensions that previous research found to affect the variation in equity returns: size (“small/large”) and book to market (“growth/value”). The returns on foreign stocks are measured by MSCI Japan, MSCI EASEA and MSCI EM Free, which represent Japan, Developed Countries excluding Japan and Emerging Markets countries, respectively. Finally, the Lehman non-U.S. bond index is used as a proxy for all ﬁxed income securities outside the U.S. It is important to note that each index represents a strategy that could be followed at low cost using index funds (or Exchange Traded Funds for some of the equity indexes).



Example 1: Windsor Fund Exhibit 1.3.a portrays the results of a style analysis of the Vanguard Windsor mutual fund using return data for the period January 1988–August 2001. The fund is classiﬁed as a large value fund by Morningstar and has $18 billion in assets under management as of December 2001. The bar chart suggests that consistent with Morningstar classiﬁcation, the fund invests primarily in large value stocks (roughly 83% invested in the Russell 1000 value) with the rest invested in small value stocks. As indicated by the pie chart (Exhibit 1.3.b) during the period investigated over 87% of the month-to-month variation in returns on the fund could be explained by the concurrent variation in the return of this particular mix of large and small value stocks. The pie chart also demonstrates the additional information we get from return-based style analysis. The S&P 500 stock index, a commonly used performance benchmark for large cap funds, explains only 66% of the variation in monthly returns of Vanguard Windsor Fund whereas the return on the style benchmark asset classes explain 87%. It would be wrong to conclude that the relatively low R2 with respect to S&P 500 is due to Windsor management following a very active strategy. Part of the low R2 with respect to the benchmark is due to the fact that the S&P 500 may not be the best performance measure. The S&P 500 had an



12



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



equal share of value and growth stocks whereas Windsor invested nearly 83% of its assets in value stocks. A large cap value index may be a more appropriate performance benchmark for the Windsor fund. EXHIBIT 1.3 Panel a.



Panel b.



Vanguard Windsor Fund
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Example 2: Growth and Income Funds The universe of domestic equity funds in the U.S. includes thousands of mutual funds. Investors frequently make inferences about a fund’s investment policy from its classiﬁcation by companies such as Morningstar or Lipper or simply from the fund’s name. We now examine whether returnbased style analysis provides any incremental information beyond that conveyed by the fund’s classiﬁcation and investment policy as it appears in its prospectus. Speciﬁcally, we compare the results of style analysis for a group of funds, all with an identical name (Growth and Income Fund) offered by several leading money management ﬁrms. The fund’s objective, size and fee structure are described in Appendix 1.2. An examination of the investment objective and strategy of each fund (based on its Prospectus) reveals little differences. Basically, all funds follow a value strategy where they invest in stocks they deem undervalued based on fundamental research or compared to similar companies. The funds focus on stocks of large and established companies that are expected to pay dividends (the income component). The funds maintain a long-term investment horizon and do not engage in market timing. An investor who considers investing in a growth and income fund should have little reason to prefer one fund over the other based on their declared investment policies. The style analysis results for the group of funds using return data for the period March 1993 through August 2001 are presented in Exhibit 1.4.a. For expositional purposes, we omit all the benchmarks that received zero weighting for each of the funds. Despite the similarities in objectives and investment strategy they have substantial differences in their style. While Putnam’s style reﬂects over 90% exposure to large value stocks, Goldman Sachs fund has less than half that exposure. Although the fund followed a “value strategy,” the analysis reveals extensive style exposure to Large Growth (20%) and Small Value. These ﬁndings are generally consistent with results of the portfolio-based style analysis for GS Growth & Income fund reported in the previous section. The comparison reveals however, the advantages of the technique, mainly its easy graphical representation and quantitative nature. The style of the Vanguard fund on the other hand, reﬂects an S&P 500-like composition with equal-holding of large value and growth stocks. The exposures to European and Japanese stocks might reﬂect the activity of American companies in these markets, rather than a direct investment in foreign stocks. Note also the difference in the selection component of return among the funds (Exhibit 1.4.b). The relatively low R2 obtained using style benchmarks for the Goldman Sachs fund may indicate that the fund may be pursuing a relatively more active stock selection strategy within each style asset class. This may also explain why the fund charges
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the highest front-load commission (5.50%) and has the highest expense ratio (1.19%). Overall, the results point to substantial style differences among funds that appear similar based on stated objectives. EXHIBIT 1.4



Growth and Income Funds
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Panel a.



Panel b.
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Example 3: Fidelity Convertible Securities Fund Although convertibles are not represented as a distinct asset class in the model, return-based style analysis is able to capture over 86% of the monthly variation in the fund’s returns through a combination of stocks, bonds and bills, as shown in Exhibit 1.5. This should not come as a surprise however, as convertible bonds exhibit characteristics of both stocks and bonds. These results demonstrate the versatility of return-based style. Note that the fund holds a substantial fraction (about 12%) of its assets in foreign securities (probably convertibles) as measured by its exposure to the MSCI indexes.



Style Analysis for Multiple-Manager Portfolios Sharpe deﬁnes the “effective asset mix” as the style of the investor’s overall portfolio or pension fund overall assets. Once the style of the individual mutual funds or money mangers have been estimated, it is quite straightforward to determine the corresponding effective asset mix. Denote by ω j the proportion of the assets allocated to manger j. ˜ p ) will be The overall portfolio return ( R ˜p = R EXHIBIT 1.5 Panel a.



∑j ωj R˜ j



Fidelity Convertible Securities Fund



(7)
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EXHIBIT 1.5 (Continued) Panel b.



Substituting equation (2) in (7) yields another linear equation: ˜ p, t = R



∑j ωj δ1, j



x 1, t +



∑j ωj δ2, j



x 2, t + … +



∑j ωj δn, j



x n, t



(8)



which can be rewritten as follows: ˜ p, t = [ Ψ x + Ψ x + … + Ψ x ] + ζ˜ t, p R 1, p 1, t 2, p 2, t n, p n, t t = 1, 2, 3, …, T



(9)



where Ψ1,p, Ψ2,p, …, Ψn,p are the pension fund or investor’s portfolio overall exposure to each style benchmark asset class. As can be seen by comparing equations (8) and (9), each Ψj,p is the weighted average of the exposures of the different managers to style benchmark asset class, j, with the relative amount of money allocated to each manager used as the weight for that manager. The effective style benchmark asset mix will account for a large proportion of the month-to-month variation in the return of a portfolio invested with several money managers, when the residual terms across different managers are uncorrelated since diversiﬁcation across different fund managers will substantially reduce the variance of the aggregate
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nonfactor component. An examination of the correlation among the residuals will indicate the extent to which the managers are taking similar selection bets.



Asset Allocation and Style Consistency over Time It is important to remember that the style identiﬁed in each of the three examples is, in a sense, an average of potentially changing styles over the period covered. Since a fund’s style can change substantially over time, it is also helpful to study how the exposures to various style benchmark asset classes evolve. For that purpose we conduct a series of style analyses, using a ﬁxed number of months for each analysis, rolling the time period used for the analysis through time.



Example 4: Balanced Index Fund Exhibit 1.6.a portrays the style evolution of the Vanguard Balanced Index fund, using a 60-month rolling window between October 1992 and August 2001. The point at the far left of the diagram represents the fund style when the sixty months ending in September 1997 are analyzed. Every other point represents the results of an analysis using a different set of sixty months. Note that each set has 59 months in common with its predecessor. As its name suggests, the fund is indeed balanced, spreading its investments among stocks, bonds and bills. As documented in Exhibit 1.6.b Style accounted for practically all the variation in the fund’s return and remained largely constant throughout the period analyzed.



Example 5: Vanguard Windsor Fund In contrast, Exhibit 1.7 shows that the style of Vanguard Windsor Fund changed several times between 1990 and 2001. The fund was a “pure” value fund until August 1997, investing about 75% of its assets in large stocks and the rest in small stocks. It then eliminated completely its exposure to small value stocks (Russell 2000 value) and replaced it with mostly small growth stocks and emerging markets stock.6 About a year later, another style change occurred which lasted through the rest of the time period covered. The fund began investing again in small value stocks but still kept an exposure to small growth stocks (roughly 7%). The fund also developed a substantial exposure to emerging markets through holding stocks of companies from these countries (10% on average).



6



Based on Morningstar records, there was no management change in that year.
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Vanguard Balanced Fund
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Vanguard Windsor Fund



The ability of return-based style analysis to capture changes in investment style over different time horizons is one of its key advantages. While portfolio-based style analysis description of a fund style is accurate for a point in time, return-based style analysis describes an average style over a time period (much like a balance sheet and an earning report) and can account for changes in style. An investor who owned shares in the fund anytime after August 1998 and thought (based on the Morningstar classiﬁcation) that he was betting solely on a value strategy in the U.S., would in fact have also been exposed to risks and rewards associated with investing in small growth stocks and Emerging Markets (to some extent).



Performance Evaluation While a passive fund manager provides investors with an investment style, an active manager provides both style and selection. This suggests that the performance benchmark should consist of a portfolio of asset classes that gives the desired exposure to benchmark style asset classes. Superior performance relative to the performance benchmark that provides a static mix of the style benchmark asset classes would justify the higher fees usually paid to “active” as opposed to “passive” managers. We follow this approach and focus on the fund’s selection return, deﬁned as the difference between the fund’s return and that of a passive mix with the same style. We assume that the active manager declares the
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fund style at the beginning of each period and is engaged only in picking undervalued securities within each style benchmark asset class; and that the style benchmark is a more appropriate benchmark for measuring performance than the commonly used S&P 500 index.7 Note that this differs from the use of the selection term ε˜ t, p obtained as by products of a style analysis, because the ε˜ t, p ’s were constructed in-sample. To illustrate this approach for the Vanguard Windsor Fund we employ the following steps for each month t: 1. The fund’s style is estimated, using returns from month t–36 through t– 1. The length of the estimation period while somewhat arbitrary, tries to balance between two opposing issues. A longer estimation period reduces “noise” and provides a more accurate description of the fund’s style exposure. For active managers who dynamically rotate among several asset classes in addition to providing stock-picking abilities however, a longer estimation period will not produce accurate estimates. A shorter estimation period will be able to better track such managers. 2. The return on the resulting style (i.e., using the coefﬁcients estimated in step 1) is calculated for month t. 3. The difference between the actual return in month t and that of the style benchmark determined in the previous steps is computed. This difference is deﬁned as the fund’s selection return for t. Exhibit 1.8 shows the excess returns from January 1988 through August 2001 for Vanguard Windsor. On average, the fund underperformed its style benchmarks by 90 basis points per year, with a standard deviation of 5.97% per month. The t-statistics associated with the mean difference is however small in absolute value suggesting that the average difference was not statistically signiﬁcantly different from zero. Exhibit 1.9 demonstrates the advantages of using style analysis to analyze the performance the way we have done. It compares the return on Vanguard Windsor with the S&P 500 stock index. The fund’s performance so measured was almost three times as good as that shown previously: the cumulative difference was 9.75% and the average difference was –65 basis points per year. However, such a comparison includes results attributable to both style and selection. During the period in question the fund’s style outperformed that of the S&P 500. But for poor selection the fund would have outperformed the S&P 500 by 25 7



This approach would not be valid when the portfolio manager is a style timer (or a market or sector timer). Evaluating the performance of a style timer is beyond the scope of this chapter.
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basis points per year. As Sharpe points out, results (good or bad) associated with the choice of a style should be attributed to taking style bets. To the extent an investor chose the fund because its style favored value and small stocks, the rewards to taking the risk associated with the style bet should go to the investor. To the extent the style bets involve superior style timing skills the rewards after suitably adjusting for the added risks should go to the manager.



Common Pitfalls in Interpreting Style Analysis Results The popularity of return-based style analysis lies in the ease with which it can be applied. The ability to correctly interpret the results, however, depends on the selection of appropriate style benchmark asset classes to use, which raises several questions. What types of style benchmarks and how many style benchmarks should one include in the model? Which index should be chosen to represent a style asset class when there are several indexes available? Is the set of benchmarks appropriate for one fund necessarily appropriate for another? EXHIBIT 1.8



Vanguard Windsor Excess Return versus Style Benchmark
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Vanguard Windsor Excess Return versus S&P 500



In general, it is desirable that the asset classes used in the model include as many securities as possible, and are mutually exclusive such that no security is included in more than one asset class. Benchmarks that are not mutually exclusive might cause the factor weightings to oscillate between the correlated asset classes. A similar problem arises, if the set of benchmarks is incomplete (i.e., not exhaustive) or inadequate. The optimization algorithm will have trouble pinning down a benchmark that consistently explains the fund’s behavior from period to period, and the regression is likely to ﬂip-ﬂop between those that temporarily provide a best ﬁt (a fact that will likely be reﬂected in a low R2 as well). Finally, asset class returns should either have low correlation with one another or, in cases where correlation is high, different standard deviations. The number of asset classes used in the model represents a tradeoff. Using a larger number of distinct asset classes or a ﬁner partition of the investment universe facing the portfolio manager will provide more information and better tracking of the portfolio performance. An example of that is the division of the Russell 2000 index to growth and value
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subindexes, or the use of several regional indexes instead of the MSCI EM (Latin America, Asia, Africa and the Middle East). However, it is necessary to consider not only the ability of a model to explain a given set of data but also the number of style benchmark indexes used. The use of a larger number of benchmarks has the potential of introducing more “noise” into the analysis. This problem is especially acute, since we have no easily available statistical procedure for assessing the significance of the exposure coefﬁcients.8 In addition, the higher the number of benchmarks used, the longer the estimation period required. Other things equal (e.g., R2), the fewer the style benchmark indexes used, the higher likelihood that the model will capture continuing fundamental relationship with predictive content.



Model Misspecification: An Example Exhibit 1.10 highlights the potential for misinterpretation of style analysis results when the benchmarks used are inadequate. The column entitled “basic model” presents the result of style analysis performed on Putnam Utilities Growth and Income during January 1992 through August 2001. As demonstrated previously, in the case of Fidelity Convertible Securities fund, the technique tracks how a portfolio returns covary with other asset classes rather than its composition. As Sharpe observed, although utility funds hold common stocks, Putnam Utility returns behave more like a passive portfolio invested in both stocks and bonds. That is, utility revenues are “sticky” because of the regulatory process, causing shares of such companies to have features that are both stocklike and bondlike. Note that Putnam Utilities Growth and Income has large exposure to Large Value stocks. It is not that the fund invests in such stocks. Rather, it is just that this asset class reﬂects the return characteristics of the fund’s investment in utilities during this period. The low R2 is not a result of a highly “active management” strategy, but merely a manifestation of inadequate benchmarks.9 It is clear from this example that when style analysis is applied for sector oriented funds (e.g., healthcare, precious metals, energy, technology, etc.), the set of benchmarks should include sector or industry indexes. For example, in the case of a REIT (Real Estate Investments Trust) asset classes related to real estate such as mortgages and housing indexes will be used. 8



The conventional assumptions regarding the distributional properties of the benchmark coefficients are not valid in the presence of inequality constraints as in equation (3). 9 The result is not unique for Putnam utility fund. In “Asset Allocation: Management Style and Performance Measurement,” Sharpe reports a similar average value of R2 for a sample of utility funds.
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EXHIBIT 1.10



Putnam Utilities Growth and Income (January 1992 through



August 2001) Basic Model



Extended Model



Bills Treasury 1–10yr Treasury 10+ yr Corporate Bonds Large Cap Value Large Cap Growth Small Cap Value Small Cap Growth Developed Countries Japan Emerging Markets Foreign Bonds Dow Jones Utilities Dow Jones Communications Dow Jones Energy R2



0 11.9% 20.5% 0 56.8% 0 0 0 0 0 0 10.8% — — — 0.669



3.4% 0 0 0 14.7% 0 4.4% 0 0 0 0 10.6% 44.6% 16.5% 5.9% 0.929



TE



AM FL Y



Asset Class



The column entitled Extended Model reports the analysis result for Putnam Utilities when the basic 12 asset classes model is extended by adding three sector indexes: Utilities, Communication and Energy, constructed by Dow Jones. The addition of the Energy and Communications indexes reﬂects the focus of utility companies in these industries and can potentially capture some of the variation in the fund’s return. Contrasting the analysis results with and without the inclusion of sector indexes is striking. The selection component of returns decreases from roughly 33% to about 7%, conﬁrming our prior assertion that the fund does not employ a highly active management strategy. As expected the fund invests primarily in utility stocks. The loading on Energy and Communication indexes reﬂects the common component in returns of utility companies stocks’ that operate in these industries (such as Gas, Electricity and Phone companies), as well as actual holdings of energy and communication ﬁrms stocks. Note the exposure to Bills, which probably results from the actual cash holdings of the fund, to meet liquidity needs. We revisit the issue of model misspeciﬁcation and inadequate benchmarks in the next section, when we demonstrate how style analysis can
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be used to analyze the performance of hedge funds by suitable choice of style index benchmarks.



Interpreting R2: Active Management or Inadequate Benchmarks? Although some see a low value of R2, solely as an indicator of “active” management, a higher R2 also implies that the technique is better and often more consistently able to explain the long-term return behavior of the fund. As the last example demonstrates, style analysis using an inadequate set of benchmarks can result in a low R2. Drawing inferences on a fund solely from the overall ability of the technique to explain the monthly variation in returns (e.g., R2) is improper and should be done in tandem with an analysis of style changes through time (e.g., a rolling-window methodology) and cost structure. A relatively unstable style graph could indicate inadequate benchmarks or market timing/sector rotation. In the latter case, the fund manager may be switching in and out of asset classes or sectors, with the result that the customized benchmark that best explains the fund’s return changes from time to time. Typically a high fund turnover ratio will accompany market timing. If the turnover on the fund is low, it could be that the types of securities held by the fund themselves are changing and causing a constant shift in style. Funds with high concentrations in individual securities are candidates for this type of activity. The Windsor Fund, for example, has an unstable style graph, but a turnover that rarely exceeds 35% annually. Based on the 3rd quarter report of 2001, the fund’s top ﬁve holdings comprise 20% of total assets and the top 10 holdings comprise over 30% of total assets. Clearly, this fund will be highly sensitive to how quickly its top holdings go in and out of favor, how much they behave like value or growth stocks, etc. It is also important to examine the fund’s cost structure. Funds with active management differ from passive funds in their cost structure. Active funds typically charge a buying or selling fee known as a load (either a front-load or a back-load) and have higher management fees. Superior performance should be evaluated after allowing for these costs. Another method to examine whether a low R2 coupled with large variation in style is due to active management or ill-speciﬁed benchmarks is to compare the average R2 for the period covered, with the series of R2 that result from the rolling window technique. If the series of R2 are low as well, it indicates that active management is likely to be the case. If, on the other hand, the individual R2 is higher than the overall period R2, then some benchmarks are probably ill-speciﬁed.
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STYLE ANALYSIS AND HEDGE FUNDS A mutual fund or pension fund manager is typically evaluated by how much the portfolio she manages earns in excess of some well deﬁned performance benchmark. She also faces several constraints when managing her portfolio to deliver superior performance: The tracking error of her portfolio relative to the performance benchmark should be within acceptable range; she has to invest only in certain well deﬁned asset classes; and the weights she chooses for the different asset classes should be within some bounds—for example most fund managers cannot short sell or take levered positions. Because of these restrictions a fund manager tends to generate returns that are highly correlated with the return on a portfolio of the well-deﬁned asset classes as well as the performance benchmark. The asset classes that the mutual fund manager is allowed to invest help identify the style benchmark indexes in a natural way. Incorporating the portfolio weight restrictions placed on the fund manager, while estimating the manager’s style and comparing it with the style of the performance benchmark, helps improve the precision of the estimates. Hence the success of Sharpe’s return-based style analysis in analyzing the performance of mutual fund and pension fund managers should come as no surprise. As Fung and Hsieh point out, return-based style analysis can be particularly helpful in characterizing the risk in the strategies employed by Hedge Funds and Commodity Trading Advisors (CTAs) that employ dynamic trading strategies also when suitable style benchmark asset classes are used.10 However, standard style benchmarks will not work with hedge funds and CTAs that have the ﬂexibility to choose among many asset classes and employ dynamic trading strategies that frequently involve short-sales and substantial leverage.11 While dynamic trading strategies that have been discussed in the literature focused primarily on mutual funds, the range of trading strategies employed by hedge funds are far more complex.12 The literature on 10



A commodity trading advisor (CTA) is an individual or trading organization, registered with the Commodity Futures Trading Commission (CFTC) through membership in the National Futures Association, granted the authority to make trading decisions on behalf of a customer in futures, options, and securities accounts established exclusively for the customer. 11 Hedge fund managers derive a substantial part of their compensation from incentive fees, which are paid only when these managers make a positive return. A “highwatermark” feature in their incentive contracts require them to make up all previous losses before an incentive is paid. 12 For an excellent review on the organization, compensation and trading strategies of hedge funds see: W. Fung and D. Hsieh, “A Primer on Hedge Funds,” Journal of Empirical Finance, 6 (1999), pp. 309–331.
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market timing for example, has focused on the ability of mutual funds managers to time the market on the long side (see Dybvig and Ross, and Merton).13 In contrast, hedge fund managers can make money on the short side as well. In addition, hedge funds positions can involve time horizons much shorter than a month (and sometime just several days). Furthermore, hedge fund managers can use derivatives and complex options. As a result, these alternative managers generate returns that have low correlation with the returns of standard asset classes. Because of the dynamic strategies followed by hedge funds, the number of asset classes needed to proxy hedge funds styles becomes very large, even though they trade the same asset classes as mutual funds (see Fung and Hsieh, and Laing for an excellent discussion of related issues).14



Applying Style Analysis to Hedge Funds Hedge funds’ strategies are typically classiﬁed as Directional or Nondirectional. Directional strategies hope to beneﬁt from broad market movements, while Nondirectional strategies have low correlation with any speciﬁc index by being “market neutral.” These strategies aim to exploit short-term pricing discrepancies between related securities while keeping market exposure to minimum. Some popular directional strategies include: Emerging Markets, Equity Nonhedge, and Short-Selling. Nondirectional strategies include: Event Driven, Relative Value Arbitrage, and Equity Hedge.15 We use net-of-fees return data on two directional funds (Emerging Market fund and a Managed Futures advisor) and two nondirectional funds (Market Neutral) to demonstrate the difﬁculties of analyzing the return pattern of alternative managers.16 Appendix 1.3 contains a more detailed description of the funds. Exhibit 1.11.a (the columns entitled Basic Model) and Exhibits 1.11.b–c present the style analysis for the four hedge funds when no leverage or short-sales constraints are imposed.17 In contrast to the mutual fund examples in the previous sections, the ability to track the 13



H. Dybvig and S. Ross, “Differential Information and Performance Measurement using a Security Market Line,” Journal of Finance, 40 (1985), pp. 383–399; and R.C. Merton, “On Market Timing and Investment Performance I: An Equilibrium Theory of Values for Markets Forecasts,” Journal of Business, 54 (1981), pp. 363–406. 14 William Fung and D. Hsieh, “Empirical Characterizations of Dynamic Trading Strategies: the Case of Hedge Funds,” Review of Financial Studies, 10 (1997), pp. 275–302; and B. Laing, “Hedge Funds: The Living and the Dead,” Journal of Financial and Quantitative Analysis, 35 (2000). pp. 309–336. 15 For a more detailed description of the various strategies employed by hedge funds, see the Hedge Fund Research Company Web site www.hfr.com 16 We thank David A. Hsieh for providing us with the hedge funds data. 17 The sum of the coefficients is still constrained to 1.0.
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market neutral funds is extremely low (as measured by the R2). The analysis was more successful in the case of directional funds, although it still captured at most only 57% of the monthly variation in returns of the Axiom fund. Not surprisingly, with the debt crisis in Russia and South America during the time period analyzed, this fund was shorting emerging markets bonds and investing in U.S. Corporate bonds and emerging markets equities. The magnitudes of some of the coefﬁcients imply extreme levels of leverage and shorting activity. In particular notice that there is no signiﬁcant exposure to any component of the Russell 3000 Index. This ﬁnding probably reﬂects the nature of the dynamic trading strategies employed by the funds rather than actual holdings. Fung and Hsieh illustrate this point, by considering a manager involved in index arbitrage on the S&P 500 by trading futures contracts and cash (e.g., individual stocks comprising the index). Without leverage, a fully invested position of being consistently long 1 futures contract (i.e., buy-and-hold) will result in the style analysis showing a coefﬁcient of 1 on the S&P 500 index. If the manager leverages up to 3 futures contracts, the coefﬁcient will be 3. If the manger is short 1 futures contract, the coefﬁcient will be –1. When the manager alternates between long and short positions each month however, the regression coefﬁcient will be close to 0. Although in all examples, the manger invests in the U.S. stock market, the returns are very different depending on the trading strategy. In the ﬁrst two cases, the returns are positively correlated with U.S. stocks. In the third case, the returns are negatively correlated with U.S. stocks. And in the fourth case, the returns are uncorrelated with U.S. stocks.



Using Peer Evaluation Another approach for evaluating the performance of hedge funds often used by practitioners is peer-comparison. To help investors understand hedge funds, consultants and database vendors group hedge funds into “categories” of funds based on the managers’ self-disclosed strategies. The objective of the peer-group approach is to compare the performance of funds operating “similar” strategies. To demonstrate this approach, the performance of each fund is regressed against an index that is composed of hedge funds with similar investment strategy. The returns of Hillsdale and Nippon funds are compared to a Market Neutral Hedge Fund index while we use Emerging Market and Managed Futures indexes as benchmarks for Axiom Fund and John W. Henry & Company CTA respectively. Out of the many companies that offer hedge fund indexes, we use those constructed by the Hedge Fund Research Company (HFR), CSFB/Tremont and MAR Futures. For a description of the indexes, see Appendix 1.4.
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Bills Treasury 1–10yr Treasury 10+ yr Corporate Bonds Large Value Large Growth Small Value Small Growth Developed Countries Japan Emerging Markets Foreign Bonds Cat Pat Cout Pout R2



161.9 –161.4 44.0 22.9 27.4 21.1 –3.4 7.7 –14.8 6.7 –36.7 27.4 — — — — 28.3



Hillsdale 219.0 –281.6 –6.6 177.6 –22.3 10.0 28.3 –11.3 2.4 25.8 –16.7 –24.7 — — — — 29.6



Nippon 257.5 –324.8 –21.9 216.8 –24.8 –5.0 50.1 –23.9 14.3 25.5 37.9 –94.4 — — — — 55.4



Axiom



Basic Model



9.2 676.0 85.3 –297.0 14.0 –32.6 24.4 –9.8 0.2 –30.4 30.8 –15.0 — — — — 37.5



CTA 137.7 –223.1 32.4 79.8 40.6 48.9 2.2 0.3 –8.9 10.2 –38.4 16.7 0.1 –2.0 –0.8 4.1 32.2



Hillsdale 295.7 –404.0 8.8 215.1 –33.5 –12.3 20.8 –4.8 4.3 19.7 –15.5 4.4 3.3 2.9 –1.7 –3.3 39.8



Nippon 393.7 –450.0 –35.5 240.1 –44.4 –23.0 89.0 –38.2 19.5 38.9 21.8 –107.2 –0.1 –12.7 –0.8 9.0 77.3



Axiom



CTA –432.0 698.5 –4.5 –166.1 7.6 –7.0 19.5 –12.5 8.8 –53.3 28.7 8.5 5.9 11.2 –4.3 –9.1 55.4



Basic Model + Options Strategy



EXHIBIT 1.11 Hedge Funds Style Analysis (I) Panel a. This exhibit reports the results of style analysis for three hedge funds and a CTA during March 1997 to November 2001. The coefficients are not constrained to be nonnegative due to the use of leverage and short-sales, but the sum of the coefficients is constrained to one. All figures in the table are in percents. The columns titled “Basic Model” report the results for the set of 12 asset classes. The next four columns show the results of reestimating the coefficients for each fund using the 12 asset classes and returns on four S&P 500 options strategies. At-the-money call (put) options are denoted as Cat(Pat) and out-of-the-money call (put) option as Cout(Pout).
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EXHIBIT 1.11 (Continued) Panel b. Nondirectional Funds Style Analysis with Basic Model



Panel c. Directional Funds Style Analysis with Basic Model



Style Analysis: Asset Allocation and Performance Evaluation



EXHIBIT 1.11 (Continued) Panel d. Nondirectional Funds Style with Basic Model Plus Options



Panel e. Directional Funds Style with Basic Model Plus Options
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The peer-evaluation results are presented in Panel a of Exhibit 1.12. The Market Neutral funds exhibit extremely low correlation with the index benchmarks and in three out of six cases, the coefﬁcients are not even signiﬁcant. Although, for the two other funds (Emerging Market and Trend Following CTA), the benchmarks are highly signiﬁcant, they still capture only about 60%–70% of the variation in returns. Notice also the large differences in explanatory power among the various indexes for the same fund. Peer evaluation is useful as a ﬁrst step to understanding the multitude of hedge fund styles. However, as Exhibit 1.12 demonstrates, the allocation of funds to “peer” (or style) groups is largely judgmental and can even be ad hoc. Database vendors’ interpretations of what fund managers say they do may not correspond to what managers actually do. There is a need to verify that similar sounding strategies do indeed deliver similar performance characteristics. Another problem with peer evaluation is that over time there has been an increasing tendency for hedge fund mangers to employ multiple strategies to meet the need for a more stable stream of returns over different market cycles. Homogeneous peer-groups are easier to verify if the number of strategies involved in the group is small. When different funds employ different combinations of strategies dynamically over time, using an aggregation measure of “peers” to closely capture the essence of both the strategies employed and the dynamical allocation of capital to these strategies over time becomes an extremely difﬁcult task. Panel b of Exhibit 1.12, repeats the peer evaluation using ﬁve different benchmarks instead of one. The Event Driven and Fixed Income indexes are included to better capture the range of trading possibilities facing the four hedge funds. The fact that indexes, which represent different trading strategies than the primary investment strategy of each fund, have signiﬁcant coefﬁcients conﬁrms that hedge funds employ multiple trading strategies. For example, the table reveals that the Axiom fund returns also covary with the CSFB/Tremont Event Driven index returns and the improvement in R2 is substantial (from 55% to 68%).



Optionlike Features in Hedge Fund Returns As the last section demonstrated, performing peer evaluation using an index of hedge funds with the same investment strategy does not provide satisfactory results. Furthermore, in some cases (such as for the market neutral hedge funds), style analysis using standard asset classes has more explanatory power than any single hedge fund index.
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CSFB MAR HFR CSFB



1.29** 0.17



0.42 0.01 0.52 0.01 0.60 0.05 0.95** 0.13



Market Neutral 1.45** Emerging Market –0.21 Managed Futures — Event Driven –0.07 Fixed Income –0.05 R2 0.27



0.50 0.09 0.28 1.00* –0.27 –0.32 –0.01 –0.02 0.17 0.04 — –0.16 0.16 0.71 0.04 –0.17 0.24 — 0.74 0.79* 0.13 0.09 0.11 0.23



Panel b. Peer Evaluation Using Multiple Hedge Fund Indexes



Benchmark R2



1.44 0.05 –0.15 –0.27 — 0.12



1.14** 0.09



MAR



Nippon Market Neutral



Panel a. Peer Evaluation Using Single Hedge Fund Index



HFR



Hillsdale Market Neutral



0.91** 0.55



CSFB



0.39 –0.53 0.91** 0.47** — –0.30 0.00 1.53** 0.24 0.11 0.68 0.57



0.96** 0.57



HFR



–1.22 0.88** –0.15 1.26 — 0.72



1.12** 0.66



MAR



Axiom Emerging Markets



2.68** –0.02 — –1.12* 0.32 0.13



— —



HFR



0.08 –0.26* 1.44** 0.12 0.66 0.56



1.45** 0.52



CSFB



CTA



0.94 –0.16 1.52** –0.27 — 0.72



1.55** 0.71



MAR



EXHIBIT 1.12 Hedge Funds Style Analysis (II) Panel a reports the results of regressing the returns of each fund on a benchmark index that is composed of hedge funds with similar investment strategy. The returns of Hillsdale and Nippon funds are compared to a Market Neutral Hedge Fund index. Emerging Market and Managed Futures indexes are the benchmarks for Axiom Fund and John W. Henry & Company respectively. The analysis is repeated separately for each hedge fund database. Panel b repeats the procedure in Panel a, using five different benchmarks. *, ** denotes significantly different than zero at the 5% and 1% level, respectively.
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Fung and Hsieh extended the traditional style analysis to incorporate dynamic trading strategies by deﬁning “style” as the common factor in the highly correlated returns of a group of mangers.18 They argued that the concept of “style” should be thought of in two dimensions: namely location choice and trading strategy. Location choice refers to the asset classes; i.e., the xs in equation (2), used by the managers to generate returns. Trading strategy refers to the direction (long/ short) and leverage (i.e., the δ’s in equation (2)), applied to the assets to generate returns. The actual returns are, therefore, the products of location choice and trading strategy (recall the example about the manger involved in index arbitrage on the S&P 500). They applied principal components and factor analysis on hedge fund returns to extract style factors. By extracting these common factors, they obtain the most popular investment styles. However, the results are difﬁcult to interpret and, like peer evaluation, do not shed light on how exactly hedge funds operate. Simply improving the style analysis explanatory power by incorporating a larger number of asset classes (or shorter time periods to account for the changes in trading strategies) faces another problem. Glosten and Jagannathan argued that the returns of portfolios managed using active strategies (as is the case with hedge funds) would exhibit optionlike features.19 Mitchell and Pulvino, and Fung and Hsieh have recently demonstrated that returns generated by hedge fund strategies exhibit signiﬁcant nonlinear option like patterns.20 The nonlinear return pattern results from the use of derivatives (either explicitly or implicitly through the use of dynamic trading), which amounts to the investor having written a call option. When a manager’s returns relate to the benchmark in a nonlinear manner, linear regression models such as style analysis can lead to incorrect inference. Grinblatt and Titman and Jagannathan and Korajczyk showed that if investors were to evaluate the performance of a manager by measures like Jensen’s alpha or Treynor-Black’s appraisal ratio, then a manager selling call options on a standard benchmark will appear to 18 W. Fung and D. Hsieh, “Performance Attribution and Style Analysis: From Mutual Funds to Hedge Funds,” Working Paper, Fuqua School of Business, Duke University (1998). 19 L. Glosten and R. Jagannathan, “A Contingent Claim Approach to Performance Evaluation,” Journal of Empirical Finance, 1 (1994), pp. 133–160. 20 M. Mitchell and T. Pulvino, “Characteristics of Risk in Risk Arbitrage,” Journal of Finance, 56 (December 2001), pp. 2135–2175; and W. Fung and D.A.Hsieh, “The Risks in Hedge Fund Strategies: Theory and Evidence From Trend Followers,” Review of Financial Studies, 14 (2001), pp. 313–341.
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be a falsely classiﬁed as a superior performer.21 Dybvig and Ross, and Merton noted that portfolios managed with superior information would typically result returns that exhibit optionlike features even when the managers do not explicitly trade in options.22 Glosten and Jagannathan suggested augmenting the return on style benchmark indexes with returns on selected options on the style benchmark indexes in order to capture the investment style of portfolio managers who employ dynamic trading strategies.23 Agarwal and Naik showed how the systematic risk of hedge funds can be expressed through a combination of naïve option-based strategies on the S&P 500 index and standard asset classes like equities and bonds.24 Agarwal and Naik also found that the inclusion of options trading strategies increased the explanatory power of the regression dramatically and accounted for the non-linear component of returns. The options strategy used by Agarwal and Naik involves trading once-a-month in short-maturity highly liquid European put-and-call options on the S&P 500 index. On the ﬁrst trading day in every month, an at-the-money call or option on the S&P 500 with one month to maturity is purchased. On the ﬁrst trading day of the following month, the option is sold and another at-the-money call or put option on the S&P 500 index that expires a month later is bought. This trading pattern is repeated every month. The returns from this trading strategy are calculated for two options: an at-the-money and out-of-the-money options.25 The at-the-money call (put) option on the S&P 500 index are denoted as Cat(Pat) and out-of-the-money call (put) option as Cout (Pout). Below we shall repeat the style analysis for the four hedge fund including the options strategy (as performed in Exhibit 1.11.a in the column titled Basic Model+ Options Strategy and in Exhibits 1.11.d–e).26 21 Mark Grinblatt and S. Titman, “Mutual Fund Performance: An Analysis of Quarterly Portfolio Holdings,” Journal of Business, 62 (1989), pp. 393–416; and R. Jagannathan and R. A. Korajczyk, “Assessing the Market Timing Performance of Managed Portfolios,” Journal of Business, 59 (1986), pp. 217–236. 22 Dybvig and Ross, “Differential Information and Performance Measurement using a Security Market Line; and Merton, “On Market Timing and Investment Performance.” 23 Glosten and Jagannathan, “A Contingent Claim Approach to Performance Evaluation.” 24 V. Agarwal and Narayan Naik, “Characterizing Systematic Risk of Hedge Funds with Buy-and-Hold and Option-Based Strategies,” Working Paper, London Business School (2001). 25 From the different strike price contracts available, Agarwal and Naik select the option where the strike price is closest to the current index value and define this to be at-the-money option. For calls (puts), they select the option with next higher (lower) strike price to be the out-of-the-money option. 26 We thank Narayan Naik for providing us with the options strategy return data.
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The explanatory power of the model increases substantially especially for the directional funds. We also perform a “horse race” comparison between the hedge fund indexes and the style analysis benchmarks to see which has more explanatory power. Since the total number of variables or factors is above 20 and some of them are highly correlated we use stepwise regression to identify the most important factors for each fund. Stepwise regression involves adding and/or deleting variables sequentially depending on the F-value. We specify a 10% signiﬁcance level for including an additional variable in the stepwise regression procedure. The advantage of this approach in our setting lies in its parsimonious selection of factors.27 The stepwise regression estimation is presented in Exhibit 1.13. As before, the regressions demonstrate a higher ability to track the variation in returns of directional funds relative to nondirectional funds. The R2 for the emerging market and CTA funds range between 70%–80%, a somewhat higher ﬁgure than the style analysis. The analysis also reveals that options are used in different ways by the funds. Market neutral funds for example use them to hedge, selling call (put) options if they positive (negative) exposure to the market. The trend following fund returns are similar to being long in an out of the money put and call options. To summarize this section we believe that, by including new style benchmark asset classes such as options and benchmark portfolios that use prespeciﬁed dynamic trading strategies, return-based style analysis can be extended to analyze the style of hedge fund managers as well.



SUMMARY AND CONCLUSION Portfolio-based as well as return-based style analysis enable investors to keep their actual asset allocation consistent with their investment goals and evaluate the performance of fund managers against a proper benchmark.



27 For more information on stepwise regressions, see N. Draper, and H. Smith, Applied Regression Analysis, 3rd ed. (NewYork: John Wiley and Sons, 1998); and R.R. Hocking, “The Analysis and Selection of Variables in Linear Regression,” Biometrics 32 (1976), pp. 1–50.
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Bills Treasury 1–10 years Treasury 10+ years Corporate Bonds Large Cap. Value Large Cap. Growth Small Cap. Value Small Cap. Growth Developed countries Japan Emerging Markets Foreign Bonds Market Neutral Emerging Markets Managed Futures Fixed Income Event Driven At the money call At the money put Out of the money put R2



–0.10* 0.08* 0.46



1.86** –0.51**



–23.36*



HFR



0.27 0.22



–0.33**



–0.33**



0.32



0.35**



MAR



0.38**



TRE



Hillsdale Market Neutral



0.33



0.012*



0.014*



0.21



0.85**



0.98*



–0.24*



TRE



0.81*



–0.21



HFR



MAR



–0.02 0.29



0.02**



2.49**



–0.37** –0.29*



Nippon Market Neutral



0.82



1.47**



0.23** 0.36** –0.58** 1.89**



0.82



1.82**



1.44** 0.32**



–0.18**



1.75*



3.11**



–0.39**



–4.58**



TRE



31.9** –7.32**



HFR MAR



0.80



–0.12



3.01* 0.81**



0.15



–0.26**



2.62**



23.36 –6.07**



Axiom Emerging Markets



0.2** 0.19



0.60



–0.23*



2.86**



HFR



0.02** 0.08 –0.08 0.68



1.28**



0.49*



0.47** –0.17 –0.29 –0.33**



TRE



CTA



–0.10** 0.09** 0.77



–0.17 1.51**



0.72**



–0.19**



0.52** –0.23*



–0.37



MAR



EXHIBIT 1.13 Hedge Funds Style Analysis Using Stepwise Regression This exhibit reports for each fund, the results of a stepwise estimation using 12 asset classes, five hedge funds indexes and four option strategies. The analysis is repeated separately for each hedge fund database. Stepwise regression involves adding and/or deleting variables sequentially depending on the F value. We specify a 10% significance level for deleting a variable in the stepwise regression procedure. *, ** denotes significantly different than zero at the 5% and 1% level, respectively.
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Return-based analysis is easy to implement and interpret. Portfoliobased analysis provides a more in-depth analysis but is more data intensive, and requires knowledge of portfolio holdings (which may not be readily available or current). Both methods can be used in tandem to enhance the asset allocation process. Return-based analysis is often a precursor to the more detailed analysis associated with portfolio-based analysis. That is, return-based analysis is employed to deﬁne a particular universe of funds that appear to exhibit the same style. Subsequently, portfolio-based analysis can help one understand the exact strategies and exposures that distinguish each of those funds. Although return-based analysis is an effective tool for analyzing the sources of a portfolio’s performance, as we illustrated using several examples, there are limitations. The technique critically relies on the correct speciﬁcation of the style benchmark asset classes. Inappropriate or inadequate choice of style benchmarks may lead to wrong inferences about performance and the level of “active” management. In addition, since the data used are historical returns, it is difﬁcult to draw any conclusions about the future risk/return proﬁle of the manager. The method also tends to detect style changes slowly and at times may leave some style changes completely undetected. It may occasionally indicate style changes that never occurred, often due to how the style indexes are correlated with each other. In short, correlation anomalies may occur, resulting in false signals. We also show how return-based style analysis can be modiﬁed to analyze the style of hedge fund managers and other alternative investment managers who use dynamic trading strategies and derivative instruments. For analyzing the style of such managers, portfolio-based style analysis can be difﬁcult to apply for the simple reason that hedge fund managers are typically reluctant to disclose their portfolio holdings. Another difﬁculty arises from the fact that portfolio holdings can change rather frequently. In many such cases, return-based style analysis offers an attractive alternative.
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APPENDIX 1.1 ASSET CLASSES IN RETURN-BASED STYLE ANALYSIS Asset Class Bills



Government Bonds



Index Salomon Brothers’ 90day Treasury Bill index Salomon Brothers’ Treasury Indexes



Corporate Bonds U.S. Equity



Salomon Corporate composite Index Russell 3000 style subindexes



Developed countries Japan



MSCI EASEA MSCI Japan



Description Cash equivalence with less than 3months to maturity Intermediate Government bonds have maturity between 1 and 10 years. Long Term Bonds have maturity over 10 years. Corporate bonds with ratings of at least BB. The Russell 3000 Index measures the performance of the largest 3,000 companies domiciled (incorporated) in the U.S., based on total market capitalization. The index represents approximately 98% of the investable U.S. equity market. The Russell 1000 Index measures the performance of the 1,000 largest companies in the Russell 3000 and represents approximately 92% of its total market capitalization. The next 2,000 stocks constitute the Russell 2000 Index. The two indexes are reconstituted annually to reﬂect changes in the marketplace. The returns of their constituents are market cap-weighted and include dividends. Stocks in each base index (the Russell 1000 and Russell 2000), are ranked by their price-to-book ratio (PBR) and their I/B/E/S forecast longterm growth mean (IBESLT). Composite country index of all Developed countries except the U.S. The securities in each country are organized by industry group, and stocks are selected, targeting 60% coverage of market capitalization. Selection criteria include: size, long- and shortterm volume, cross-ownership and ﬂoat.
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Index



Emerging Markets



MSCI EM Free



Non-U.S. Bonds



Lehman Global Excluding U.S. Bond Index



Description The index covers 27 emerging market country indexes. Designation as an emerging market is determined by a number of factors such as GDP per capita, local government regulations, perceived investment risk; foreign ownership limits and capital controls. The index reﬂects only investable opportunities for global investors by taking into account local market restrictions on share ownership by foreigners. Bonds outside the U.S. and Canada.



Note: For more details on the methodology and composition of the indexes see the Russell Company and MSCI Web sites: www.russell.com and www.msci.com.
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APPENDIX 1.2 GROWTH AND INCOME FUNDS OBJECTIVE AND INVESTMENT STRATEGY (BASED ON FUNDS’ PROSPECTUSES AS OF DECEMBER 2001) Goldman Sachs Growth & Income Objective: This Fund seeks long-term growth of capital and growth of income through investments in equity securities of well-established companies that are considered to have favorable prospects for capital appreciation and/or dividend-paying ability. Primary Investment Strategies: Based on a research-intensive approach, the fund employs a value investing strategy that emphasizes stocks they believe to be inexpensive relative to the fund’s estimate of their actual worth. The fund maintains a long-term investment horizon with low turnover. Size: $335 millions



Front Load: 5.50%



Expense Ratio: 1.19%



Putnam Fund for Growth & Income Objective: The fund seeks to provide capital growth and current income by investing primarily in common stocks that offer the potential for capital growth while also providing current income. Primary Investment Strategies: The fund invests mainly in common stocks of U.S. companies, with a focus on value stocks that offer the potential for capital growth, current income, or both. Value stocks are those that we believe are currently undervalued by the market. We look for companies undergoing positive change. If we are correct and other investors recognize the value of the company, the price of the stock may rise. We invest mainly in large companies. Size: $18.6 billions Front Load: 5.75% Expense Ratio: 0.81%



Vanguard Growth & Income Objective: The Fund seeks to provide a total return (capital appreciation plus dividend income) greater than the return of the S&P 500 Index. Primary Investment Strategies: The Fund’s adviser uses computer models to select a broadly diversiﬁed group of stocks that, as a whole, have investment characteristics similar to those of the S&P 500 Index, but are expected to provide a higher total return than that of the Index. At least 65% (and typically more than 90%) of the Fund’s assets will be invested in stocks that are included in the Index. Most of the stocks held by the Fund provide dividend income as well as the potential for capital appreciation. Size: $6.6 billions Front Load: 0



Expense Ratio: 0.38%
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Alliance Capital Growth & Income Objective: The Fund seeks to provide Income and Capital appreciation. Primary Investment Strategies: The fund primarily invests in dividendpaying common stocks of good quality. It may also invest in ﬁxedincome and convertible securities. The fund tries to maintain a defensive dividend yield and price-to-earnings ratio, a fully invested posture, and a high degree of sector and industry diversiﬁcation. The fund invests in quality companies that trade at undeserved discounts to their peers. The fund does not make sector or market timing bets, but instead emphasize intensive, bottom-up research and careful stock selection. Size: $3.2 billions Front Load: 4.25% Expense Ratio: 0.91%
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APPENDIX 1.3 HEDGE FUNDS DESCRIPTIONS Hillsdale U.S. Market Neutral Fund (http://www.hillsdaleinv.com) The U.S. Market Neutral Equity Fund is beta, style and industry neutral. It invests in up to 150 companies and may use leverage up to 1 times equity. The investment objective of the strategy is to provide a consistent 10–15 percent annualized return with volatility less than or equal to bonds and 0% correlation with major U.S. equity indexes. The portfolio is constructed by taking long and short positions in common share of U.S. corporations primarily with a market capitalization in excess of one billion dollars. Hillsdale Investment Management, Inc. also manages the U.S. Aggressive Hedged Equity Fund and two additional funds with similar strategies that focus on the Canadian market. The investment strategies are based on a proprietary investment platform that uses a dynamic, fundamental based, multi-factor approach to stock selection and portfolio construction. The ﬁrm, founded in 1996, is majority owned by its employees and is registered with the Ontario Securities Commission as an Investment Counsel, Portfolio Manager and a Limited Market Dealer.



Nippon Fund (http://www.aventineinvestments.com) The Nippon Performance Fund is a market neutral hedge fund designed to deliver consistent and positive returns with a low level of risk and virtually no correlation to the Nikkei 225, or any global equity or bond market. The Fund capitalizes on the undervaluations in Japanese convertible bonds and equity warrants by employing a convertible arbitrage strategy to extract these undervaluations. These undervaluations allow the Fund to deliver a superior rate of return with a low level of volatility while removing the unwanted and unnecessary risks associated with Japanese securities. The Fund’s long positions include convertible bonds and warrants, which are hedged by selling short the underlying stocks to remove the equity risk, and interest rate futures to remove interest rate risk. The Fund is denominated in U.S dollars, and utilizes currency futures, forwards, options and swaps to remove any currency risk.



Axiom Fund (http://www.axiom-invest.com) Axiom Balanced Growth Fund invests primarily in listed shares of companies deriving a signiﬁcant portion of their revenues from emerging markets (including those in Southeast Asia), but will also invest in ﬁxed
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income obligations (such as U.S. dollar Brady-type bonds) of issuers in emerging markets (including those outside Southeast Asia). A wide range of hedging techniques and instruments will, however, be employed where considered appropriate with a view to minimizing the level of volatility, which is normally associated with Emerging Market funds. The fund was launched on April 15th 1996.



John W. Henry & Company—Financial and Metals Portfolio (http://www.jwh.com)
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John W. Henry & Company Inc. (JWH) is an alternative asset manger and one of the largest managed futures advisor in the world. The Financial and Metals Portfolio is JWH’s second longest running program. The program seeks to identify and capitalize on intermediate-term price movements in four worldwide market sectors: currencies, interest rates, metals, and non-U.S. stock indexes. The program seeks to detect repetitive price behavior in these sectors using computer systems and capitalize on them.
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APPENDIX 1.4 HEDGE FUNDS INDEXES Hedge Fund Research Hedge Fund Research (www.hfr.com) provides 29 equally weightedstyle categories and a composite index. Funds of funds are not included in the composite index. The indexes are based on 1,100 funds drawn from a database of 1,700 funds. Funds in the database represent $260 billion in assets. The index was launched in 1994 with data back to 1990. Funds are assigned to categories based on the descriptions in the offering memorandums. Survivorship bias is minimized by incorporating funds that have ceased to exist.



Credit Suisse First Boston/Tremont Credit Suisse First Boston/Tremont (www.hedgeindex.com) covers nine strategies and is based on 340 funds, representing $100 billion in invested capital, selected from a database of 2,600 funds. It is the only asset (capitalization) weighted hedge funds index. The CSFB/Tremont Index discloses its construction methods and identifies all the funds within it. CSFB/Tremont accepts only funds (not separate accounts) with a minimum of $10 million under management and an audited financial statement. If a fund liquidates, its performance remains in the Index for the period during which the fund was active in order to minimize survivorship bias. The index was launched in 1999, with data going back to 1994. It incorporates the TASS+ database.



MAR Futures MAR Futures (www.marhedge.com) reports especially on the performance of Managed Futures strategies in each of 15 categories, 10 of which are combined into four submedians. The variety of Zurich (formerly MAR) index databases contains 1,300 funds. Managers usually select their own categories. The firm’s Web site identifies the number of funds and assets in each category. MAR, the former publisher of the index, sold its database business to Zurich Financial Services in spring 2001.
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The Many Elements of Equity Style: Quantitative Management of Core, Growth, and Value Strategies Robert D. Arnott Chairman, First Quadrant, LP Chairman, Research Affiliates, LLC Christopher G. Luck, CFA Partner First Quadrant, LP



quity style is a central issue in institutional equity portfolio management. Yet institutional investors have different views of the role of equity style in structuring their holdings. Even seemingly basic concepts, such as the deﬁnition of style, are not uniformly agreed upon by all managers and sponsors. Once a suitable style deﬁnition is chosen, institutional investors’ face an array of choices in managing the style of their equity portfolios. Many choose to maintain a style neutral stance and seek to add value within each style classiﬁcation. Others seek gain by maintaining a steady bias (towards value or towards small capitalization companies, for example), which they believe will be proﬁtable in the long run. Still others look to add value by actively managing style tilts. They allow a signiﬁcant portion of the equity portfolio to have an active style bet. A
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major focus in this chapter is on this last approach to style management: active style management. The type of active style management appropriate to a particular investor will depend on both the deﬁnition of style used and the chosen role for style in the portfolio. In this chapter, we try to sort out some of these issues, clarify the ways the idea of style is used in institutional management, and explain the basics of a quantitative approach to active style management.



DEFINITIONS OF EQUITY STYLE The basic view of equity style is often explained using the chart seen in Exhibit 2.1.1 This resembles a “yield” trafﬁc sign, but it is actually a schematic showing how the equity world can be divided into growth stocks and value stocks using a simple recipe: ■ ■ ■ ■



Select a universe of stocks (e.g., the S&P 500). Calculate the price-to-book (P/B) ratio for each stock. Sort the stocks, with the highest P/B ratios on top. Select stocks from the top of the pile until you have 50% of the total capitalization—these are the growth stocks.



EXHIBIT 2.1



1



Equity Style: The Plain Vanilla Deﬁnition



The exhibit is based on W.F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” Journal of Portfolio Management (Winter 1992).
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■ The rest are the value stocks. ■ If you are so inclined, you can split them again by capitalization into



large growth, small growth, large value and small value, or use even more narrowly deﬁned categories. This has the distinct advantage of being nice and simple: all stocks are classiﬁed, all the time. There are no grey areas and no ambiguities. Although this classic deﬁnition has the virtue of simplicity, there are some arbitrary and unappealing aspects to it. There is almost no difference between the last growth stock and the ﬁrst value stock; both will have nearly identical, and entirely “average,” P/B ratios. At the border between growth and value stocks, this type of style deﬁnition is not especially meaningful. The simplest style indexes are constructed using a basic single variable Price/Book (P/B) deﬁnition. Among the best known are the S&P/ Barra style indexes and the Russell style indexes. The starting universe for the S&P/Barra indexes is the S&P 500. The Russell indexes use the Russell 1000 LargeCap index and the Russell 2000 SmallCap index. In the case of the S&P indexes, the P/B ratios are calculated (with adjustments for FAS 106 postretirement health care cost), and the index constituents are redetermined every six months. Turnover each six months can be signiﬁcantly higher than for the “parent” S&P 500 index. The Russell style indexes are reconstituted every year at midyear, again with moderately high turnover. A style switching active management strategy based purely on a simple deﬁnition like this would be something of a churner, with lots of trading signifying nothing. If the value and growth futures contracts ever become a liquid market, the costs of making these pure style bets could drop substantially. However, this hasn’t happened.2



Better Style Deﬁnitions The simple price-to-book split seems very coarse. Some kind of reﬁnement to the basic style deﬁnition was sought by some investors. Many academicians and practitioners jumped in to provide it. Soon there were many elaborations to this basic deﬁnition of style. These were based on some of the many other variables that can be used to classify equities. A selection of these are seen in Exhibit 2.2. 2



After years of talk and anticipation, trading in S&P/BARRA Value and Growth futures began in November of 1995. Unfortunately, there was much more talk and anticipation than trading. The open interest in these contracts has consistently been very low, averaging fewer than 1,000 contracts even currently, while trading has been spotty at best. The “future of these futures” is murky, even though they have significant and diverse potential applications.
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Alternate Style Deﬁnitions



Based on more than just Book/Price ■ Earnings/Price ratios ■ Dividend Yields ■ Return on Equity ■ Earnings Growth Estimates (e.g., IBES) ■ Earnings Variability ■ Return correlations with extreme G/V indexes



Up until 1995, the Frank Russell 1000 style indexes were deﬁned using a two variable deterministic split. Each stock in the full universe of 1,000 was ranked using a composite of a book-to-price ratio (adjusted for FAS 106 and 109 write-offs) and the IBES long-term growth forecast.3 These two variables were combined to give each stock a “value score.” All stocks with scores greater than the capitalizationweighted median go into the Value index, and the rest in the Growth index, so the two style indexes will each comprise half the market cap of the Russell 1000. This two variable classiﬁcation may have less of the “jitter” at the Value/Growth boundary, but there will still be stocks that are shifted from one index to the other in response to small changes in the classiﬁcation variables. This jitter problem cannot be cured if we insist that every stock, without exception, must fall into one of two categories based on a rigorously quantiﬁed rule. Many stocks must barely fall into one category or the other, and can easily fall out once they have fallen in, leading to high turnover among the least-value value stocks and the least-growth growth stocks … turnover among the least important members of each index. This binary approach has led index providers to consider more creative classiﬁcation rules, which in turn have led to more complicated and creative problems. In some schemes, a single stock could fall into multiple classiﬁcations, while in others might be unclassiﬁed. All style deﬁnitions involving rules with ﬁxed cutoffs have problems of this sort. This is a problem crying out for a probabilistic interpretation, and it got one. Actually, it got several. When the Russell 2000 style indexes were put together, they used the same two ingredients used for the pre1995 Russell 1000 (B/P and IBES Growth), but combined them using a 3



All information on the construction of the Russell indexes are from the Frank Russell White Papers, “Russell Equity Indexes: Index Construction and Methodology,” dated July 8, 1994, and September 6, 1995.
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different recipe. The universe of 2,000 stocks is ranked using a composite value score, just as was done before with the 1,000 stocks. Instead of picking the median value score and deﬁning all stocks above the line as value, the 2,000 stocks are broken into three equal cap groups, strong value stocks, with the highest third of value scores, strong growth stocks, with the lowest third and the stocks in the middle. These middle stocks are given a probability of belonging in value and a probability of belonging in growth based on how close their scores are to the “pure” value and growth zones, and the weight of these middle third stocks are split between the Growth and Value indexes—in other words, they are partitioned into to both indexes! After 1995, this probabilistic method was used for both the Russell 1000 and 2000 style indexes. This is a ﬁne and sensible way to put together style indexes. Companies don’t make odd transitions based on minuscule changes in their own (or other ﬁrms’) Earnings/Price or Book/Price ratios. Stocks “on the edge” are held, at less than their full market-cap weight, in both portfolios. So the small changes that are problematic for simpler indexes show up as small changes in portfolio weights, rather than a 100% trade from one style index into the complementary style index, often followed by a headlong rush in the opposite direction.



Multifactor Probabilistic Style Deﬁnitions There is no reason to limit style scoring to two variables. Salomon Smith Barney has developed a multifactor probabilistic style classiﬁcation technique.4 In addition to the P/B and earnings variables, the Salomon Smith Barney classiﬁcation technique includes variables derived from Price/Earnings ratios, dividend yields, and the relationships of a stock’s historical returns to concentrated growth and value indexes. A multiple regression technique is used to combine these factors into a style probability. This is the likelihood that a stock is growth or value. The factors determine the weights for each stock in the style index portfolio. These probabilities are nicely illustrated in a Salomon Smith Barney chart reproduced in Exhibit 2.3. While these deﬁnitions may seem complex, they are more intuitively appealing in many ways than the blunt P/B ratio method. “Extreme” value or growth stocks are classiﬁed in the same way by both methods. But those middle-of the-style-road stocks turn out to have roughly a 50% chance of being value or growth, which makes sense. An active style switching or tilting strategy based on these ideas would do much less trading. 4



This is described in S. Bienstock and E. Sorensen, “Segregating Growth From Value: It’s Not Always Either/Or,” Salomon Smith Barney Report, July 1992.



52 EXHIBIT 2.3



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



Salomon Brothers Style Probability Ranking



Source: S. Bienstock and E. Sorenson, “Segregating Growth from Value: It’s Not Always Either/Or,” Salomon Brothers Report (July 1992), p. 6.



The factors included in the most elaborate style deﬁnitions, and the regression techniques used to combine these factors, are an acknowledgement that there are many dimensions to style, that a binary partitioning based on Book/Price and Capitalization is not only simple but simplistic. These multifactor models can viewed as generalizing the notion of style. Factor models are also the basis for an important set of portfolio optimization tools that are useful in a wide range of quantitative style management strategies, which we explore in the next section.



APPROACHES TO EQUITY STYLE MANAGEMENT The ﬁrst decision an investor makes is the choice of a suitable style deﬁnition for assets at the fund level. The next decision is whether to make or avoid deliberate style bets under the chosen deﬁnition. Either approach has the potential to add value over a passive benchmark. Because different managers may well be using different deﬁnitions of style, there can be a fair amount of work involved in analyzing various manager holdings and/or returns using a consistent deﬁnition of style.
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Determining Manager Style by Assets or by Returns When there was one simple P/B style split, it was easy to characterize a manager as value or growth by looking at the stocks in their investment universe. Value managers picked from the value stocks and growth managers picked from the growth stocks. It gets fuzzier when this analysis uses one of the probabilistic deﬁnitions we’ve just discussed. A particular stock will often be classiﬁed with different style probabilities by different formulas, so the old value manager/growth manager split may not mean as much as it once did. Just as value and growth stocks are not so starkly deﬁned, so too value and growth managers are no longer starkly deﬁned. We can have managers who are “deep value,” “value,” “valueoriented core,” “core,” “growth-oriented core” (Growth at a Reasonable Price, or GARP), “growth,” and “emerging growth,” to name only a few categories in the spectrum. An asset based classiﬁcation of managers based on the style of the stocks they choose (or don’t choose) is greatly complicated by all these new style deﬁnitions. One reasonable and widely used approach is to use returns based style classiﬁcation.5 This was ﬁrst suggested by William Sharpe6 and now embodied in several classiﬁcation systems. These ignore the style of underlying assets and classify managers on the basis of the correlations of their returns with whatever set of style indexes the investor chooses. After selecting a style deﬁnition and developing the capacity to classify managers using this deﬁnition, an investor can then move on to the question of making or avoiding explicit style tilts.



Motivation for Style Tilts: Historical Returns to Value and Growth There are several issues to consider in regard to style tilts. Are they valuable enough to overcome the costs of implementing them? If so, on what time scale should these tilts be made? Are they applicable in international equity markets? The starting point to answer these questions is to look at the historical returns to value and growth.7 For the United States, over long periods, value stocks have generally outperformed growth stocks. As seen in Exhibit 2.4, a dollar invested in U.S. value stocks in January 1975 5 Returns based style analyzers are a form of factor model themselves. In this case the single market return factor is replaced by several style return factors. These models are intermediate in complexity between the simple CAPM and the complex Barra multifactor models. 6 W.F. Sharpe, “Determining a Fund’s Effective Asset Mix,” Investment Management Review (November/ December 1989), pp. 59–69. 7 All the style returns discussed in this section are based on the simple P/B definitions.
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would have grown to $51 by December of 2001, while a dollar invested in growth stocks would be worth only $33 and a dollar in the S&P 500 would have grown to $43 over the same period. Another way of showing this is to look at the cumulative returns to a value portfolio minus the returns to a growth portfolio. For the United States, this is shown in Exhibit 2.5. While, over the full period, value has been a better investment, there are multiyear periods where the opposite is true, and in particular in the technology bubble in the late 1990s. On a monthly scale, growth does better than value fully 45% of the time. This suggests that an effective style switching discipline may have the potential to be very lucrative.



Perfect Foresight Style Switching



TE



Consider an imaginary active manager, with perfect foresight one month ahead of which style would do best in that month. One dollar invested in this (admittedly implausible and impractical) strategy in January 1975 would have grown to $231 by December 2001, even after assuming 1% trading costs charged for each style switch. This is the appeal of style switching strategies. However, the turnover for this strategy is enormous, often in excess of 1,000% per year, so if the forecasts are less than perfect, as they will always be, the trading costs can easily be larger than the value-added of the strategy itself. EXHIBIT 2.4



Growth of $1 in S&P 500 Value and Growth
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Cumulative Returns: S&P 500 Value – Growth



International Style Returns and Style Switching Capaul, Rowley, and Sharpe examined returns to value and growth stocks in various overseas markets, and discovered a remarkably similar pattern to what is observed in tile United States.8 Exhibits 2.6, 2.7, 2.8, and 2.9 extend their analysis over a longer period,9 from January 1975 to July 2001, for Japan, the United Kingdom, Canada, and Germany. The charts show the cumulative return to value minus growth. The results are strikingly similar. In each country, value does signiﬁcantly better over the full period, but there are periods ranging up to several years where this is not the case, and again in particular during the global technology bubble where growth signiﬁcantly outperformed value. The ﬁrst three columns of Exhibit 2.10 show the growth of one dollar invested in value, growth and a perfect foresight style switching strategy (less 1% transaction costs). The last column shows the percentage of the months in which growth outperforms value. These results are surprisingly similar. In all of these countries (and in nearly all others) there is a strong incentive for developing a means to accurately forecast returns to styles. 8



C. Capaul, I. Rowley, and W.F. Sharpe, “International Value and Growth Stock Returns,” Financial Analysts Journal (January/February 1993), pp. 27–36. 9 These international growth and value indexes are created by Morgan Stanley Capital International.



56



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



EXHIBIT 2.6



Cumulative Returns: Japan Value - Growth



EXHIBIT 2.7



Cumulative Returns: U.K. Value - Growth
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Cumulative Returns: Canada Value - Growth



EXHIBIT 2.9



Cumulative Returns: Germany Value - Growth
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EXHIBIT 2.10 The Motivation for an Active Style Switching Strategy (Returns from 1/75–2/02) 26-Year Growth of $1



% of Months,



Country



Value



Growth



Best*



Growth > Value



U.S. U.K. Japan Canada Germany



51 102 16 31 29



33 57 3 10 13



231 465 74 768 186



45 45 42 46 48



*Assumes investing in better of growth or value in each month, with 1% trading cost for each switch.



Implementing Style Tilts and Switching Strategies Perfect style forecasts are impossible to achieve, so a real style switching strategy will incur the high costs of trading completely in and out of large equity positions, without earning the returns to offset these costs. There are a number of less extreme ways of implementing a less aggressive, less risky version of a style tilt strategy. These can be used separately or in combination. ■ The amount of trading can be reduced by restricting the size of the style



bets, for example, allowing only a 60%/40% mix, rather than the 100%/0% illustrated above. Reducing the size of the active bet, so only a portion of the value stocks are sold off and replaced with growth stocks when growth is forecast to outperform and vice versa, will reduce the cost (and risk) of a style switching strategy. ■ Use a probabilistic style deﬁnition to concentrate trading on the strongest value or growth stocks, leaving the grey zone stocks in the middle pretty much alone. This concentrates trading in names most likely to provide the desired exposure, further reducing transaction costs. ■ Switching styles only when one’s model for style suggests particularly strong likelihood of proﬁts, leaving the portfolio untouched when opportunities are less compelling. ■ Extend the time horizon for style forecasts. If trading only occurs when a style is expected to outperform for a longer period, there is much less churning. By looking ahead for a sufﬁciently long period of time, an investor can implement style bets by means of manager allocation or selection.
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A combination of these techniques can sharply reduce the turnover associated with active management of portfolio style, without forfeiting much of the potential beneﬁt.



Long-Term Style Forecasts In our own work, we have provided these long horizon forecasts to our clients. We have developed two types of style forecasting models. Topdown style forecasting models employ the same methods we have used in analyzing broad equity and bond markets in domestic and global tactical asset allocation strategies. The same mathematical techniques, and the same sorts of market, macroeconomic and sentiment indicators employed are used to forecast returns to style indexes. The second type of style forecaster is based on the analysis of the multifactor model framework used for our active equity strategies. This is described in more detail later in this chapter. These models use a bottom-up approach to form style forecasts by summing the forecast returns to factors weighted by the exposure of the style index portfolios to those factors. It is noteworthy, that, despite the difference in these two approaches to forecasting style returns, they produce very similar overall results, as seen in Exhibit 2.11. These models have proven quite useful, with information coefﬁcients (correlations between forecast and actual outcomes) of approximately 0.3. This exhibit shows the S&P 500 Growth–Value return spreads predicted by the top-down and bottom-up models described in the text. Due to data limitations, there is a shorter history for the bottom-up model.10 Values above zero are forecasts that growth will outperform value, and negative values correspond to forecasts that value will outperform growth. These models are remarkably consistent with each other and both capture the longer trends. The bottom-up approach, not surprisingly, has more volatility to it, as it is designed not only to capture longer-term trends but shorter-term trends as well. Both of these signals change relatively slowly, with quarterly serial correlations in excess of 90%, and for this reason, they will tend to generate infrequent trades.



10



There is a long history of literature behind this sort of tactical modeling of investment opportunities. See, for example, R. Arnott and J. Von Germeten, “Systematic Asset Allocation,” Financial Analysts Journal (November/December 1983), R. Arnott and W. Copeland, “The Business Cycle and Security Selection, Financial Analysts Journal (March/April 1985), and R. Arnott and F. Fabozzi (eds.), Active Asset Allocation (Chicago: Probus Publishing, 1992).
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Forecast U.S. Style Returns: S&P 500 Growth - Value



Adding Value Using Reﬁned Style Techniques The simplest types of active style management, as described above, are simple tilts toward one style and away from another. These strategies can be implemented based entirely on simple P/B style deﬁnitions, or by using probabilistic deﬁnitions to increase the magnitude of the active style bet made, relative to the trading costs that are incurred to make these bets. There is a single control variable in all of these strategies, which is just the degree of tilt toward value or growth, in an effort to add value over a broad core equity benchmark. The complexity of the data going into the more elaborate style deﬁnitions suggests a much richer family of active quantitative style management strategies. Expanding the range of control variables available for these active strategies has several beneﬁcial consequences. It provides more chances to be correct than a single style tilt. It improves the likelihood that value can be added over a broad equity benchmark. It also allows these methods to be used to add value over style segregated value or growth benchmarks as well. The key to introducing these more reﬁned active strategies is the relationship between the more elaborate style models and factor models of equity risk and return. A striking aspect of probabilistic models is that the variables going into them have substantial overlap with another set of probabilistic models that explain patterns in equity risk and return. These are fundamental factor models. There are lots of these in use, the most popular being the Barra models. Exhibit 2.12 shows the common factors used in the current Barra U.S. equity risk model. In the exhibit, those factors which are also used in probabilistic style deﬁnitions are shown in italics. This overlap does not mean that these models are the same. It does suggest that much of the same data used for style classiﬁcation can also be
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used in a more general way, for both producing value added and controlling risk, in the context of a factor based approach to quantitative equity management. Users of factor models and users of quantitative style models are dancing around the same tree. While there are mathematical differences, it clear that there is a great deal of commonality here.



Factor Models and Style Management Factor models of equity risk and return are a central element of modern quantitative equity analysis. The ﬁrst equity factor model was the Capital Asset Pricing Model (CAPM). The CAPM used the single market factor, beta, to explain much of the variation in a stock’s returns. In the 1970s, Barr Rosenberg and others extended the CAPM to include factors other than the single market factor. The intuition behind this was that there were other common factors that inﬂuence equity returns in addition to the market factor. Interest rates are a good example of an additional factor. Returns to stocks of companies with heavy debt will be more affected by interest rate changes than those to stocks of debt-free companies. Another intuitively appealing factor is exposure to foreign exchange rates. Companies with a high proportion of foreign income will be more sensitive to foreign exchange rate movements than those with only domestic income. Industry group membership is another readily quantiﬁable regularity in equity risk and return used to deﬁne factors in these models. These generalizations of the CAPM led to the development of a number of Multifactor Models (MFMs). There are many variations on this theme. The most widely used MFMs are the Barra models, produced and maintained by the company Barr Rosenberg founded in the 1970s for this purpose. An extensive discussion of factor models is beyond the scope of this chapter. Good theoretical discussions of MFMs in general can be found in ﬁnance texts and journals. Details speciﬁc to the Barra approach are found in Barra’s publications.11 EXHIBIT 2.12 Common Factors in BARRA U.S. Equity Model: Substantial Overlap with Style Variables ■ ■ ■ ■ ■ ■



Volatility Momentum Size* Trading activity Growth* Earnings Yield*



■ ■ ■ ■ ■



Value* Earnings variability* Leverage Currency Sensitivity Yield*



*Italicized factors match elements of general style definitions. 11



See “The United States Equity Model,” Chapter 4 in The BARPA Handbook.
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The more elaborate style deﬁnitions use statistical methods to categorize the style of a particular stock based on a number of factors particular to the company. An active strategy based on these ideas would forecast the returns to the outputs (the style variables). The success of these strategies depends on the ability to forecast returns to styles. The multifactor models, constructed using much of the same data, directly forecast the expected return to a stock in terms of its sensitivity to the factors and the returns to those factors. This idea is worth looking at as an equation. The following equation is the mathematical formulation of multifactor models: R s – R rf =



∑f βf ( Rf – Rrf ) + ε˜



where, Rs Rrf Rf βf ε˜



= = = = =



the return on the stock the risk-free return return to the factor stock’s exposure to factor f portion of return not explained by the factors



The difference between the return on the stock and the risk-free return is called the excess return to the stock. The model tells us that the excess return to the stock is the sum, across all factors, of the product of the stock’s exposure to a factor and the return to the factor, plus the portion of the return not explained by all the factors. In CAPM, the single factor model, there would be no summation. In this case, the beta is just the sensitivity of the stock to the broad market, and the return to the factor is just the market return. Multifactor models generalize this idea by including more factors. In fundamental MFN’s, such as Barra’s, the betas are calculated from fundamental data. For example, in calculating exposure (beta) to the factor “size,” stocks would be ranked by market capitalization. The average stock would be deﬁned as having an exposure of zero. A stock one standard deviation larger than average would have a size exposure of +1, a stock one standard deviation below average size would have an exposure of –1. This process is repeated for all the common factors. Industry factors are set at zero or one, to indicate which industry group a company belongs to. Companies in more than one industry can have multiple positive industry exposures adding up to one.
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The returns on the left-hand side of the equation are easy to determine. They are just the monthly returns to each stock, less the risk-free rate. Knowing both the factor exposures for each stock, from fundamental considerations, as well as the stock returns, makes it simple to calculate the factor returns (Rf) and asset speciﬁc returns (ε) each month by multiple regression techniques.



Factor Returns and Active Management These factor returns are the key element in a MFM-based approach to active style management. The factors provide the larger number of control variables for active strategies discussed earlier. They generalize and extend the notion of style returns. We can ask the same questions about factor returns in evaluating the potential value of these strategies as we asked about style returns in a similar context. How much would it be worth to know these returns? Are they worth forecasting? Is there enough variation in factor returns from month to month for them to be useful in an active strategy? Can we forecast these returns?



Are Factor Returns Worth Forecasting? We can answer the question about whether it is worth forecasting factor returns by looking at the returns to a perfect foresight factor return strategy. At the end of the month, the factor returns are known. An active strategy based on these ideas requires forecasts of these returns to be made at the beginning of the month. Let’s assume that we had perfect factor forecasting models. What would these be worth? Looking back at the basic Barra equation, we see that the return to each stock is broken into two parts: (1) the summation of factor exposures and factor returns and (2) the asset speciﬁc portion not explained by factors. If the asset speciﬁc portion of returns swamps the portion explained by the factors, there would not be much point in worrying about the factors.



Use of Portfolio Optimization In order to do this evaluation, we need to use the primary investment management tool derived from factor models, a portfolio optimizer (using a technique known as quadratic programming, introduced by Harry Markowitz in his seminal 1952 paper). We can’t go out and buy factors, like we can buy stocks. An optimizer provides a means to select a portfolio of stocks which gives us the mix of factor exposures we desire, i.e., positive exposures to those factors with positive forecast returns, and negative exposures for those with negative forecasts. We
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tell the optimizer about our factor preferences by putting in a set of forecasts for the monthly factor returns. We can do the same thing on an asset speciﬁc level by using a set of monthly stock forecasts. When the optimizer is used without any forecasts, it produces an index fund that tracks the speciﬁed benchmark. By specifying constraints for the optimization, the optimizer also provides a means to control risk and turnover. Risk control constraints can be expressed as limits on the tracking error of the portfolio relative to the benchmark (i.e., the standard deviation of the difference in returns to the two portfolios), or as explicit limits on the size of allowed deviations from index weights on a stock or industry basis.



Long-Short and Market Neutral Portfolios
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So far, we have been discussing optimization to produce equity portfolios designed to add value over an index by holding only long positions. The optimizer can also produce portfolios which include short positions. If the short side of a long-short portfolio has a value and market beta approximately equal and opposite to the long side, then the portfolio is market neutral. Since market neutral portfolios have no net exposure to the market index, their performance is generally measured relative to Treasury bills. Market neutral portfolios are extremely useful for both theoretical and practical reasons.12 In a theoretical sense, market neutral portfolios provide an extraordinarily good way to test the value of an investment idea. Long-only portfolios are diluted expressions of investment ideas in two important ways: ■ A risk controlled long-only portfolio designed to add value over an



equity index must include substantial holdings in the index constituents for benchmark exposure. These are essentially passive investments. Only the deviations from index exposure contribute to the active return. ■ Negative active bets on a stock in a long-only portfolio are limited to the stock’s index weight. You can’t hold less than a zero position in any stock, regardless of the strength of a negative return expectation. These (and other) advantages associated with portfolio optimization are summarized in Exhibit 2.13. Optimization is the means by which multifactor models are used in practice. 12



For a detailed discussion of market neutral investing, see John S. Brush, “Comparisons and Combinations of Long and Long-Short Strategies,” Financial Analysts Journal (March/April 1997).
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EXHIBIT 2.13 Reasons for Using Portfolio Optimization in a Quantitative Style Management Discipline ■ Achieve desired style/factor tilts ■ Incorporate asset speciﬁc alpha sources ■ Control risk ■ Risk Measure: Tracking error relative to benchmark ■ Control Parameters ■ Active stock and sector weightings ■ Constrain turnover ■ Two types of portfolios produced ■ Long ■ Market Neutral



Perfect Foresight Tests of Factor Returns Now that we have a ﬁrm grasp on the ideas of factor returns, optimization and market neutral portfolios, we are now ready to do the perfect foresight tests. Constraints are set to hold turnover and tracking error at prudent limits appropriate to institutional portfolios. No leverage is used: long positions and short positions must each sum to no more than 100%.13 We start with cash in January of 1987. The actual realized subsequent monthly factor returns are put in as our factor forecasts, which are the forecasts we would have made if our models were perfect. In each simulated month, we rebalance the long and market neutral portfolios, pay our simulated transaction costs, and roll the calendar forward one month. What kind of returns do we see? Both the long equity and market neutral portfolios do extraordinarily well, due to the perfect foresight in the model. We could do better still by having the Wall Street Journal delivered to us a month in advance. But, here we’re testing the value of perfect foresight on factor returns alone, without any insight into how the individual stocks are performing. Exhibit 2.14 shows the rolling 12-month value added for U.S. long and market neutral portfolios. The long portfolio has returns averaging more than 60% above the S&P 500. In its worst 12-month period, the portfolio outperformed the S&P by 39%; in its best, by over 100%. As explained in the preceding section, a market neutral strategy is a particularly pure way of testing the strength of an investment idea. The market neutral perfect factor foresight portfolio returns averaged almost 300% over U.S. Treasury bills, again on a rolling 12-month basis. Its worst 12-month period saw 150% value added, and its best a remarkable 450%. It’s quite striking to note that the value added from the Market 13



Some practitioners view this as 2:1 leverage, others view this as an unleveraged market-neutral program. It all depends upon one’s definition of leverage.
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Neutral is four to ﬁve times as large as the value added on the long-only strategy, not the two-fold beneﬁt that most people would expect. Again, it is worth reiterating that this is a perfect foresight test. No stock selection process will add 6,000 basis points per year on a welldiversiﬁed long portfolio or 30,000 basis points per year on a welldiversiﬁed Market Neutral portfolio. The point of the test is not to see how much value we might hope to add in asset management, but to see how much information is contained within a Multifactor Risk Model. The answer is encouraging . . . it’s a lot of information. These perfect foresight tests establish the factor returns as a valuable resource in equity management strategies. If the numbers had been small, there would be little point in expending much effort in developing the ability to forecast factor returns. No forecasting model will be perfect, or even nearly so. Real models will be able to capture only a portion of these potential returns, but the potential is large, so that this is worth pursuing. If we can only capture 2% or 3% of this valueadded, net of trading costs, then we will have happy clients.



Variability of Factor Returns There is another aspect of factor returns we should examine. Are they relatively constant from month to month, or is there signiﬁcant variability? This is analogous to looking at the month-to-month variations in returns to styles in considering the potential for a style-switching strategy. If, for example, value always outperformed growth, there wouldn’t be much point in attempting to switch styles in a timely manner. (In any remotely efﬁcient market, an obvious and persistent inefﬁciency such as this would fade as the price of value stocks was bid up.) EXHIBIT 2.14 Perfect Foresight Tests of U.S. BARRA Factor Returns, Rolling 12-Month Value Added
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EXHIBIT 2.15 Monthly Variation in U.S. Factor Returns: Standard Deviations Much Greater than Means



When we look at monthly factor returns, what we hope to ﬁnd is substantial variation, hopefully variation in sign, that can form the basis for an active management decision that can be made proﬁtably every month. One way to do this is to compare the average value of each monthly factor return to its standard deviation. This comparison is shown for U.S. factors in Exhibit 2.15 (data through February 2002). We see that in every case the standard deviations are much larger than the means, and in many cases by an order of magnitude or more. Monthly factor returns will vary in sign nearly half the time. This is exactly the situation we want in order for them to be useful in all active strategy. The darker bars in Exhibit 2.15 show the mean monthly return to each factor, in percent per month. This is easy to understand by looking at one example in the exhibit. The mean return to the factor “size” is negative, –0.19% per month or –2.3% per year. This means that a stock with a market capitalization one standard deviation larger than the average stock has underperformed average size stocks by 2.3% per year, net of all other sources of return. Smaller stocks, for example those one standard deviation below the average size, have outperformed average size by a like amount. This is just a quantitative expression of the wellknown small stock effect. The same situation is found when we look at factor returns for international markets. Exhibits 2.16 to 2.18 show means and standard
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deviations for monthly factor returns in Japan, the U.K. and Canada, respectively. In each country, we again observe that the standard deviations are much larger than the means, indicating that factor returns are suitable for an active quantitative approach to equity style management. EXHIBIT 2.16 Monthly Variation in Japan Factor Returns: Standard Deviations Much Greater than Means



EXHIBIT 2.17 Monthly Variation in U.K. Factor Returns: Standard Deviations Much Greater than Means
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EXHIBIT 2.18 Monthly Variation in Canada Factor Returns: Standard Deviations Much Greater than Means



Forecasting Factor Returns What do we know about factors so far? From the perfect foresight tests, we know that they explain a sufﬁciently large portion of equity returns. Hence, knowing them would be extremely valuable, so that forecasting them with a reasonable precision would be valuable as well. From our examination of the variability of factor returns we know that there is an active bet that can be made each month, with a potential payoff much larger than a simple tilt based on long-term averages. All this is good news, but we have to be able to actually forecast factor returns to use them in an active strategy. In any prediction problem, there are two broad decisions to make: ■ What to predict with: choosing information to use in making predic-



tions. ■ How to predict: choosing a forecasting technique suitable to the prob-



lem.



What to Predict With There are three broad classes of variables we use to forecast factor returns, summarized in Exhibit 2.19. The ﬁrst class is just the factor returns themselves. These data capture the univariate time series properties of the factor returns, serial correlations, cyclicality, moving average, and autoregressive properties. Cross-factor relationships can also prove valuable.
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Forecasting Returns to Factors



What we forecast with: • Factor Variables – Cyclicality – Cross relationships • Market Variables – Index returns and ratios – Yields – F/X and commodity prices • Macroeconomic Variables – Inﬂation – Production – Unemployment How we forecast: – Nonlinear transforms of raw variables – A variety of underlying forecast methods – Expanding and moving windows



The second class of predictive variables is based on market data. This includes index and subindex returns, yield curve information, dividend yields, price-earnings ratio, commodity prices, and foreign exchange rates. The third class of variables includes macroeconomic data (such as unemployment), inﬂation measures, and industrial production. For all these possible predictors, there are many plausible transforms and types of measurements that are worth considering. In many cases, it is more useful to consider changes, relative changes, rates of change, and unanticipated changes than the raw data alone. For each of these transforms, there are additional decisions to be made about the intervals over which to measure changes, rates of change or other measurements. For example, it is reasonable to think of looking at a change from month to month, quarter to quarter, year to year, month to the same month a year ago, and so on. With a large number of raw variables to start with, and so many plausible measurement variations, the number of combinations becomes truly huge.



How to Predict There is also a wide selection of choices for a method of predicting. The tried-and-true method is the expanding window, ex ante regression. This is similar to ordinary regression, but as each new month passes, the new slice of data becomes part of the history, and the model coefﬁcients
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are recalculated using the new expanded data set. This new model is then used to forecast the next period’s factor return. One obvious problem with a pure expanding window strategy is that each new month’s data has less weight in the model than the one before. After a long time has passed, a new month can make almost no difference. Similarly, there is no distinction between the oldest and newest data. A 20-year old time slice has the same weight as the most current observations, even if substantial changes have occurred. There are many variations on this theme which seek to remedy some of these problems. They range from simple modiﬁcations—such as moving or weighted windows—to more complex mathematical and econometric techniques. Some of these techniques do improve on the “keep it simple stupid” regressions. However, they do so at great computational cost and impose the engineering trade-off of devoting always ﬁnite computational resources to more extensive speciﬁcation searching of the space of what we can predict with, or searching less, but using potentially more powerful methods. Throughout this process, it is important to maintain precautions against excessive data mining—torturing the data until it tells us whatever we want to hear.



Character and Performance of Factor Return Forecasters Despite the complexity, relationships in the factor return forecasts that emerge from the research process are sensible in a ﬁnancial and economic sense. Many of them are just quantitative expressions of fundamental ideas. Many relationships recur from country to country. Some of these are summarized in Exhibit 2.20. For example, returns to the “leverage” factor, go down as interest rates rise. Rising interest rates are also associated with lower returns to companies with highly variable earnings, exactly as one would expect from a Dividend Discount Model. Returns to the “currency sensitivity” factor, high for companies with high income earned in foreign currencies, are reduced by unfavorable changes in exchange rates. Cyclicality in industry returns reﬂects the nature of the industry. The barriers to entry in trucking are very low. All you have to do is go rent a truck. Cycles are short. The opposite is true for utilities. It can take a decade for a new power plant to be designed, sited, approved, constructed, and inspected. Utility cycles are corresponding slow. Cross-border inﬂuences are found as one might expect. The Canadian market is strongly inﬂuenced by the U.S. market, while the Japanese market is not. Calendar effects attributable to tax regulations or business practices particular to one country also show up.
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Similarities & Differences: Global Factor Models



• Many common effects • Quantitative reﬂections of known fundamental relationships • Examples: • Dividend Discounting • Financial Leverage • Interest Rates and Macro-surrogates • F/X • Cyclical Stock • Differences • Regulatory and Governmental effects • Cross-border inﬂuences



EXHIBIT 2.21



Predictive Power of Factor Return Forecasters



We have been conducting research on modeling factor returns for over ten years and continue to do so. There are many ways of measuring the effectiveness of these models. One important measurement is the information coefﬁcient (IC), which is just the correlation between the forecast and actual returns. Exhibit 2.21 shows the ICs for common risk factor models for the United States, United Kingdom, and Japan. The “zone of proﬁtability” is an approximate indication of the level of IC needed to cover transactions costs. Having gone through the steps of establishing that factor returns are valuable, variable, and forecastable, we can now show how they are used in active style management.
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Active Management Using Factors The generalization of styles to factors provides for a wide range of active management techniques, applicable to the varied roles of style in institutional portfolios. There are core equity strategies, value and growth portfolio strategies, and market neutral strategies.



Core Long Equity Strategies The original and primary use is in core equity portfolios, to add value over a broad equity benchmark, by generalized style management. We have been doing this in the United States since 1990, on assets now totaling over $1.5 billion. Average returns have been in excess of 120 basis points per year above the S&P 500 through 2001, net of fees, despite a mild value bias during a decade largely dominated by growth.



Market Neutral Strategies In a preceding section we discussed the reasons why market neutral portfolios are more concentrated expressions of investment ideas. This was seen in the substantially larger value-added for perfect foresight market neutral portfolios. A similar boost is observed in real market neutral portfolios. Our U.S. market neutral strategy has been live since 1991, with assets now totaling approximately $1 billion. Average returns through 2001 to these portfolios have been more than 300 basis points per year above the Treasury bill, net of fees. An important point about market neutral portfolios that we will only touch on brieﬂy here is that their value added can be easily transported to any benchmark with a corresponding liquid futures contract. Most investors use this approach to equalize the market neutral returns, adding them to the market return for the corresponding equity market



Finer Style Definitions Allow Management within Broad Style Classes This factor based approach to quantitative management can also be applied to a restricted universe of value or growth stocks (in contrast to the broad universe of value and growth stocks used for the core long portfolios). These portfolios are suitable for institutions seeking to add value within a particular style segment. The sources of alpha and portfolio construction techniques of these portfolios are exactly the same as for the core portfolios. They differ in only two ways:
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■ Investable Universe. Only value or only growth stocks from the Russell



1000 Value and Growth indexes are allowed in the managed value and growth portfolios. ■ Benchmark. Each is benchmarked against the corresponding Russell 1000 style index, instead of the S&P 500.



SUMMARY



AM FL Y



The same quantitative methods used over the core universe of all stocks work quite well in the style restricted world.
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We set out to discuss the many deﬁnitions of style, the active strategies which ﬂow from these deﬁnitions, and how they might be used for institutional asset management. Style tilts have the potential for adding value at a fund level, provided they are not done with a frequency that erodes their potential in trading costs. We have shown that broad style return forecasts can be useful in this regard for long-term decisions on style manager allocations. More elaborate deﬁnitions provide a more ﬁne-grained set of tools for active management. There is a conceptual convergence between the most complex style deﬁnitions and factor models of equity risk and return. A wide range of disciplined, quantitative, risk controlled strategies for core equities and market neutral investments were described. Factor models are appealing as the basis for active style management strategies for a variety of theoretical reasons, and have proven to be so in practice, and represent a segment of the market where active disciplines can be expected to add value.
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Models of Equity Style Information Robert C. Radcliffe, Ph.D. University of Florida and PI Style Analytics, Inc.



he goal of portfolio styling should be to develop accurate measures of important differences between investment portfolios. High-quality style information is essential to understanding how a portfolio has been managed, to determining whether the portfolio might provide diversiﬁcation beneﬁts in a multimanager portfolio, and to developing appropriate benchmarks and style peer groups against which portfolio returns should be compared. Two general models of portfolio styling are widely used today. A third model is presented in this chapter.



T



1. Returns-Based Styling (hereafter called RBS) develops style information from past portfolio returns. Initially suggested by Nobel laureate William F. Sharpe, the advantage of RBS is its low cost.1 Armed with only a spreadsheet package and past returns on various security indexes, one can calculate RBS style information for any portfolio for which a sufﬁcient return history is available. Its advantage is clearly low cost and relative ease of data collection. Its weakness is that it is only a statistical estimate of the portfolio’s average asset allocation during the return



1



See William F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” The Journal of Portfolio Management (Winter 1992), pp. 7–19.
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interval chosen to estimate the portfolio’s effective asset allocation RBS lacks what is called “Timeliness” in this chapter. 2. Characteristics-Based Styling (hereafter called CBS) develops style information from fundamental portfolio characteristics. For example, a portfolio’s average price-to-book and price-to-earnings ratios at the end of a current quarter could be used to evaluate the portfolio’s current weight to growth versus income stocks at that time. Since the style information of CBS can be tied to current portfolio holdings, the quality of its “Timeliness” is clearly better than that of RBS. Its weaknesses are two. The ﬁrst is the cost associated with obtaining accurate characteristics information about portfolio holdings. The second is that virtually all current approaches to developing CBS style information use only two or three portfolio characteristics: market capitalization, price-toearnings ratios, and price-to-book ratios. Conﬁrmatory style information inherent in additional portfolio characteristics is neglected. 3. A third approach to developing style information that uses all relevant portfolio characteristics is presented in this chapter. This model is called Factor-Based Styling (hereafter called FBS) since it is based on the statistical procedures of Factor Analysis. The advantages of FBS relative to CBS are that it calculates the optimal number of style dimensions that differentiate equity portfolios at a given point in time and that it uses all information in relevant portfolio characteristics to derive these style dimensions. The purpose of this chapter is to examine the “quality” of style information associated with these three models of portfolio styling. We do not discuss the development of ﬁxed style “classes,” since equity portfolios do not ﬁt into neat style boxes. They differ from one another on a continuum. The chapter is organized as follows. We begin by brieﬂy examining the criteria by which the quality of style information should be judged. Next, the standard procedures used in developing RBS and CBS style information are reviewed. This is followed by an explanation of Factor Based Styling. In the next section, we present statistical analyses and case studies that examine the relative quality of style information provided by RBS, CBS, and FBS. In the ﬁnal section, we discuss the problems of using predetermined, ﬁxed style classes and introduce a style concept called “Dynamic Styling.” We note that all analyses and discussions presented in this chapter are based on U.S. equity funds. We reach two principle conclusions: 1. To understand the style character of a portfolio, one should use all style information that is available. The analyst should review style informa-
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tion from all style approaches. By doing so, one gains insights about a portfolio’s true style character as well as the strengths and weaknesses of each model. 2. Predetermined and ﬁxed style classes will often compare a portfolio’s past returns against an inappropriate style peer group. Style peer groups should be developed so that the portfolio being evaluated is centered in the peer group. This is Dynamic Styling.



JUDGING STYLE QUALITY The quality of the style information provided by given style methodology should be judged by three criteria: return predictability, timeliness, and accuracy. The better the ability of style information to explain future rates of return, the higher the quality of the information. If style information associated with a given model is unrelated to subsequent portfolio returns, then the information is of no use in diversiﬁcation decisions and performance evaluation. Judging how well the style information from a given methodology is related to future portfolio returns can be evaluated statistically by the use of cross-sectional regression. The dependent variables in such regressions are the rates of return for a large sample of U.S. equity mutual funds and institutional U.S. equity fund composites during a given quarter. The independent variables are measures of style information obtained from a given style methodology at the start of that quarter. Results from cross-sectional regressions for 20 different quarters starting with the ﬁrst quarter of 1997 and ending with the fourth quarter of 2001 are presented later in the chapter. The evidence shows that each of the style approaches provides information at the start of a quarter that is related to differences in portfolio returns during the subsequent quarter. The R-square values from these regressions range from 17% to 79% and none of the style methodology dominants the others. On the basis of return predictability, each methodology has about the same informational quality. Timeliness is also a critical feature of style information quality. For example, a portfolio’s price-to-earnings ratio at the end of the past quarter provides better information about the portfolio’s current style than would the average price-to-earnings ratio during the past ﬁve years. Because RBS information is based on correlations of portfolio returns with various security return indexes over a past time interval, the timeliness of RBS is of lower quality than that of either CBS or FBS. To demonstrate this, statistical evidence presented in the next section
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shows that RBS information developed at the end of a ﬁve-year period reﬂects the average of the factor based style information during that ﬁve-year period. Visual evidence is also presented showing the resulting lag that is possible between RBS and either FBS or HBS. Finally, style information should be as accurate as possible. It is at this level that Factor-Based Styling adds informational value to traditional Characteristics-Based Styling. FBS provides more accurate style information because captures all relevant information inherent in a large number of portfolio characteristics. FBS statistically identiﬁes any statistically signiﬁcant style dimensions and calculate portfolio factor scores for each dimension. A variety of case examples presented later in the chapter demonstrate the differences in style information obtained from FBS and CBS.



A REVIEW OF RBS AND CBS Because RBS and CBS models are widely used, we will not get into a detailed discussion in this chapter. Readers who are familiar with these models may wish to move to the next major section in which FactorBased Styling is discussed.



Returns-Based Styling RBS is widely used today. As discussed in the chapter by Becker, RBS is equivalent to a constrained time series regression model such as presented in equation (1) below: Rp,t = bp, 1G[R1G,t] + bp,1V[R1V,t] + bp,2G[R2G,t] + bp,2V[R2V,t] + ep,t (1) In the RBS model, past rates of return on a portfolio are regressed on returns of a variety of security return indexes. In equation (1), Rp,t represents the portfolio return in period t. The terms R1G,t, R1V,t, R2G,t, and R2V,t represent rates of return on Russell 1000 and 2000 Value and Growth indexes. The analyst, of course, is free to choose any number of indexes. The indexes shown in equation (1) are illustrative only. They are shown because they are used in the empirical section of the chapter. The term, ep,t, represents the rate of return of the portfolio that is not explained by returns on the security indexes. The “b” regression parameters are found by the procedure of ordinary least squares. In Sharpe’s model, these parameters are constrained so they sum to 1.0, and they cannot take on a negative value. The ﬁrst constraint allows one to interpret these parameters as the average asset allocation of the portfolio during the time period in which the regres-
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sion was run. For example, if bp,2G is estimated to be 0.25 using portfolio returns over a ﬁve-year period, then the estimate implies that (on average) the portfolio was 25% invested in securities similar to the Russell 2000 Growth index. The nonnegativity constrain is imposed because most institutional managers are not allowed to have a net short position in the money they manage. Sharpe’s model is fully described in Chapters 1 and 19 of this book.



Characteristics-Based Styling Characteristics-Based Styling uses the holdings of a portfolio at a given point in time. These holdings are then matched with stock characteristics such as price-to-earnings ratios, price-to-book ratios, market capitalization, return on equity, and so forth. From this data one can calculate averages, medians, standard deviations, and percentiles for each portfolio characteristic. Although a large number of portfolio characteristics are usually calculated, typically only three are used develop style information. These are usually various measures of the portfolio’s market capitalization, price-to-earnings and price-to-book ratios. The market capitalization statistic is used to measure one style dimension. Price-to-earnings and price-to-book ratios are combined in various ways to measure a second style dimension. The CBS information used in this chapter uses a portfolio’s average for each of these three characteristics relative to the Vanguard Total Stock Market Fund. We refer to the Vanguard Total Stock Market fund as the “Market Core.” For example, the market capitalization measure for a portfolio is the portfolio’s value-weighted average market capitalization of stocks held divided by the value weighted market capitalization of the Market Core. To measure the “income-growth” character of a portfolio we ﬁrst calculate value-weighted average price-to-earnings and price-tobook ratios for the portfolio. These are then divided by the same statistic for the Market Core. Finally, the average of the relative p/e and p/b ratios is calculated. This is similar to procedures used by Morningstar.



Pros and Cons of RBS and CBS Information



Cost Often, the strength of one model is a weakness of the other. Cost, for example. As long as one has a sufﬁcient history of past rates of return on both security portfolios and security indexes, modern spreadsheet packages are able the calculate RBS regressions at no marginal cost. And if one does not want to take the time to “do it yourself” using a



80



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



spreadsheet package, there are many commercial services that provide RBS data and calculations for modest fees. In contrast, to calculate CBS information, one must know the holdings for a large number of portfolios. The cost of obtaining holdings data as well as the underlying stock characteristics can be quite expensive. Various commercial services provide holdings information for domestic equity mutual funds. But holdings data for nonmutual fund (institutional) portfolios and composites must be obtained directly from the management company or its custodian. Usually, portfolio management companies are willing to share their holdings data with organizations they trust in the hopes that it will be used by institutional consultants. However, obtaining the data can be time intensive.



Timeliness It is well known that time CBS information provides more timely style information than RBS information. That is the big plus of CBS approaches. The regression parameters of RBS are estimates of the average asset allocation of a portfolio during the time period of returns used in the analysis. But there can also be timeliness issues with CBS data. For example, assume you are evaluating the return on a portfolio for the Decemberend quarter of a given year. Often, the most recent holdings data that are available will be for the end of the prior September. In addition, mutual funds are not required to provide portfolio holdings at the end of every quarter. Portfolio holdings for some mutual funds can be sixmonths old. None-the-less, CBS data will be more timely than RBS data that represents and average style during a prior three to ﬁve-year period.



Accuracy RBS information provides an estimate of the average asset allocation of the portfolio during some prior time period. Like any statistical estimate, there is a standard deviation associated with it that can be used to estimate conﬁdence limits about the estimate. For example, a paper by Lobosco and DiBartolomeo gave an example in which the estimate of a portfolio’s asset allocation to the Russell 100 Value was 41.5%.2 However, the 95% conﬁdence was between 12.7% and 70.3%! Another well-known problem with RBS information is the sensitivity of parameter estimates to a few unusual returns. For example, assume that a portfolio that holds growth stocks has a large positive return during a quarter in which the returns on most growth stocks are 2



Angelo Lobosco and Daniel DiBartolomeo, “Approximately the Confidence Intervals for Share Style Weights,” Financial Analysts Journal (July/August 1997).
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negative but the returns on income stocks is positive. Since RBS information is based on a procedure that ﬁnds the best ﬁt of portfolio returns with security index returns, this single quarterly return could cause the RBS regression to show a portfolio style drift towards income stocks. In favor of RBS information, however, it may be the only way to obtain style information about the portfolio. For equity portfolios, this is the case when a signiﬁcant fraction of the portfolio is invested in international stocks. In that case, accounting differences between countries makes it difﬁcult to accurately compare stock characteristics that ere based on accounting statement. Finally, the accuracy of CBS is not always as good as it might appear. For example, a number of commercial services provide portfolio characteristics information developed from questionnaires submitted by investment management companies. The questionnaires request information on a variety of portfolio characteristics. Unfortunately, there is no assurance that the companies that submit the data have identical ways of calculating the portfolio characteristics. The only way in which portfolio characteristics between two portfolios can accurately be compared is if the variables are calculated in identical ways. The accuracy of CBS information can also be criticized on the grounds that it is generally base on two or three portfolio characteristics. The next section discusses how this problem can be overcome.



FACTOR-BASED STYLING It is widely believed that securities held in equity portfolios differ in two fundamental dimensions: value-growth and market capitalization. These two dimensions have gained acceptance due to the observation that portfolio’s differing along these two dimensions go through extended periods in which their returns are quite different. As in earlier papers on portfolio styling, these fundamental economic differences are referred to as economic “factors.” Characteristics-Based Styling provides information about a portfolio’s value-growth factor dimension by using various portfolio characteristics such as price-to-earnings and price-to-book ratios. The market capitalization dimension, of course, is based on measures of the market capitalization of stocks held in a portfolio. Although these three portfolio characteristics do a good job in differentiating between portfolios, we must never forget that they represent proxies for more fundamental economic differences in the nature of portfolio holdings. It is not market capitalization, price-to-earnings, price-to-book, or
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any other observable portfolio characteristic that creates differing security returns. Portfolio return differences are created by differences in portfolio weightings to underlying fundamental economic factors. The goals of any style methodology should be to accurately measure these underlying factors as well as how each portfolio is weighted across such factors.



Fundamental Economic Factors The concept of underlying economic factors is illustrated in Exhibit 3.1. The exhibit assumes that two fundamental economic factors that underlie both stock returns and observed stock characteristics (p/e ratios, p/b ratios, dividend yields, and so forth). Given a portfolio’s security weights to these economic factors, economic events create the rate of return earned by the portfolio as well as the portfolio’s observed portfolio characteristics (p/e ratios, p/b ratios, dividend yields, and so forth). Again, it is not the price-to-earnings ratio or market capitalization of a portfolio that creates a portfolio’s return. Such portfolio characteristics are simply observable proxies of more fundamental, but unobservable, economic factors. The goal of equity portfolio styling should be to develop accurate measures of a portfolio’s weight to such economic factors. EXHIBIT 3.1



Relationship between Economic Factors, Portfolio Characteristics, and Portfolio Returns Fundamental Economic Factors (Factor 1 and Factor 2)



Economic Events



Return on Factor 1



Return on Factor 2



A Given Portfolio Weights on Fundamental Economic Factors



Observed Portfolio Characteristics: Price to Book Price to Earnings Market Capitalization Etc.



Observed Portfolio Returns
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Assume that one of the underlying economic factors represents the dividend income versus price growth of a stock. Equity valuation models show that there should be a positive relationship between expected future stock price growth and price-to-earnings and price-to-book ratios. As such, these two variables are reasonable conceptual proxies of a “valuegrowth” style dimension. But given the difﬁculty in measuring true earnings and equity book values as well as the variety of accounting principles that can be used to estimate them, such accounting based variables can be fussy estimates of a stock’s style factor. Yet there are many other portfolio characteristics that can also be used to assess a portfolio’s “value-growth” style dimension. By excluding information about such variables, the accuracy of any “value-growth” style measure is reduced. Another widely used CBS measure is market capitalization. What the underlying factor is that market capitalization is a proxy for and why it should be related to security returns remains a mystery. However, by limiting the number and type of portfolio characteristics used to estimate economic factors, we will never know whether there are other characteristics correlated with this style dimension, characteristics that might aid in understanding the true nature of what market capitalization proxies. More information about a portfolio can only improve one’s understanding of the portfolio. For example, which of the two would provide more information about a portfolio’s value-growth characteristics: ■ information about the portfolio’s current price-to-book and price-to-



earnings ratios; or ■ information about the portfolio’s current price-to-book, price-to-earn-



ings, dividend yield, sustainable internal growth rate, proﬁt retention rate, return on equity, past earnings growth, and past dividend growth. The second list is clearly more informative. As such, most investment professionals examine a large number of portfolio characteristics when they assign a portfolio to a given style class. In fact, sophisticated algorithms are available that use many portfolio characteristics to both classify a portfolio into a given style class and calculate the probability of the portfolio belonging to that style class. This chapter does not deal with the assignment of portfolios to style classes. Instead, the focus is on how the information inherent in many fundamental portfolio characteristics can be used to (1) statistically determine the number of underlying factor dimensions and (2) assign each portfolio a factor score on each dimension. All relevant information in many fundamental portfolio characteristics is incorporated in a fewer number of factor scores. This is accomplished by using the statistical procedure of factor analysis.
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Factor Analysis of Portfolio Characteristics



AM FL Y



Factor analysis, of course, gets its name from the nature of its objective, to ﬁnd common underlying factors that explain differences in a set of observed variables. Factor analysis is not a new tool in investment analysis. Early applications include King’s study of the structure of security price changes.3 More recently, researchers have used factor analysis in attempts to ﬁnd factors underling security returns as hypothesized by Arbitrage Pricing Theory.4 The statistical objective of factor analysis is to explain the greatest possible amount of variance in a set of observed variables in terms of a fewer number of unobserved factors. Because the variance of any variable depends on the scale used to measure the variable, factor analysis starts by standardizing each variable so that each has a mean of 0.0 and a standard deviation of 1.0. Once this is done, the objective becomes one of explaining the correlation structure among the variables.5 Assume we have collected data on 10 variables for 1,000 different funds and calculated a correlation matrix for the 10 variables. ■ If all 10 observed variables are perfectly correlated, then one common



TE



factor will be able to explain 100% of the variance of the standardized data. The term common implies that the factor explains the variance in more than one observed variable. ■ If the 10 variables are all correlated with each other but not perfectly, then one common factor will be derived but it will explain less than 100% of the variance of the standardized data. ■ If there is no correlation between the variables, the will be no common derived factors but 10 variable speciﬁc factors. ■ If two variables are not correlated with any other variable, three variables are correlated with each other but not correlated with other variables, and the remaining ﬁve variables are correlated with each other but not correlated with other variables, then two common factors will be derived. Each common factor will explain the variance within a group of variables that are correlated among themselves. 3



See Benjamin King, “Market and Industry Factors in Stock Price Behavior,” Journal of Business (January 1966). 4 For example, see: P. Dhyrmes, I. Friend, and N. Gultekin, “A Critical Reexamination of the Empirical Evidence on the Arbitrage Pricing Model,” Journal of Finance (June 1984); Mark Reinganum, “The Arbitrage Pricing Theory: Some Empirical Results,” Journal of Finance (September 1978); and Richard Roll and Steven Ross, “An Empirical Investigation of the Arbitrage Pricing Theory,” Journal of Finance (December 1980). 5 Discussions of factor analysis can be found in: R. Cattell, The Scientific Use of Factor Analysis (New York: Plenum, 1978); and H. Harmon, Modern Factor Analysis (Chicago: University of Chicago Press, 1976).
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In Exhibit 3.2, we see the fundamental portfolio characteristics used in this chapter. A total of 20 quarters were analyzed for a random sample of 1,000 U.S. equity mutual funds. Portfolio holding data started with March 1997 and ended with December 2001. In Exhibit 3.3, correlation coefﬁcients of the observed characteristics at September 30, 1999 are shown. Notice that some of the variables have low correlation coefﬁcients with other variables. These include beta, return on equity and dividend growth. As such, they have little roll in calculations of the derived factors at September 1999. EXHIBIT 3.2



Deﬁnitions of Observed Portfolio Characteristics Used in Factor



Analysis Variables updated quarterly: Beta: Market value weighted average of the beta estimates of stocks held in the portfolio at the end of a quarter. Stock betas were market model estimates using prior ﬁve-years of prior monthly stock returns. The S&P 500 index was used as the independent variable. Quality: Market value weighted average of the current S&P stock quality rating of stocks held in the portfolio at the end of a quarter. Alphabetic ratings were assigned numerical values. Market Cap: Market value weighted average of the market capitalization of stocks held in the portfolio at the end of a quarter. Market capitalization for a stock is equal to the stock’s price per share at the end of a quarter multiplied by the number of outstanding shares at that time. Dividend Yield: Market value weighted average of the dividend yield of stocks held in the portfolio at the end of a quarter. Retention Rate: Market value weighted average of the proﬁt retention rate of stocks held in the portfolio at the end of a quarter. Sustainable Internal Growth: Market value weighted average of the sustainable internal growth of stocks held in the portfolio at the end of a quarter. A stock’s sustainable internal growth is equal to the prior year-end return on equity multiplied by the prior year-end proﬁt retention rate. Price-to-Earnings: Market value weighted average of the current price-to-earnings ratio of stocks held in the portfolio at the end of a quarter. Price-to-Book: Market value weighted average of the price-to-total equity book value of stocks held in the portfolio at the end of a quarter. Return on Equity: Market value weighted average of the return on equity of stocks held in the portfolio at the end of a quarter. Earnings Growth: Market value weighted average of the past 5-year growth rate of earnings per share of stocks held in the portfolio at the end of a quarter. Dividend Growth: Market value weighted average of the past 5-year growth rate of dividends per share of stocks held in the portfolio at the end of a quarter.
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Correlation Coefﬁcients for Observed Portfolio Characteristics at September 30, 1999



Beta Quality Market Cap Dividend Yield Retention Rate Sustainable Internal Growth Price to Earnings Price to Book Return on Equity Earnings Growth Dividend Growth



EXHIBIT 3.3
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EXHIBIT 3.4



Correlations with Factors at September 30, 1999



Variable



Factor 1



Factor 2



Beta S&P Quality Market Capitalization Dividend Yield Retention Rate Sustainable Internal Growth Price to Earnings Price to Book ROE Earnings Growth Dividend Growth



0.29 0.27 0.53 −0.74 0.64 0.88 0.86 0.93 0.17 0.71 0.39



0.00 0.79 0.72 0.52 −0.61 −0.26 0.03 0.12 0.00 0.32 0.06



There are other groups of variables, however, that have moderate to high correlation coefﬁcients within their group but small correlation coefﬁcients with other variables. One group consists of market capitalization and S&P quality rating. The other group consists of dividend yield, proﬁt retention rate, sustainable internal growth, price-to-earnings, and price-to-book. These two groups are the foundation on which two underlying derived factors are built. An advantage of using factor analysis is that it provides statistical information about the number of factors that underlie the observed variables. One does not have to guess as to the number of underlying factor dimensions.6 In each of the 20 quarters examined for this chapter, two factor dimensions were always optimal. There are many ways of interpreting these two factors. One is simply as a data reduction technique, to express the information in a large number of variables in terms of fewer derived factors. But as applied to equity portfolios, a better interpretation would be that the factors represent unobservable underlying economic differences in portfolios that are the cause of observable portfolio characteristics. Viewing the factors in this way, they represent fundamental sources for differences in security returns. In Exhibit 3.4, correlation coefﬁcients between each observed variable and the two common underlying factor dimensions are shown for September 1999. Factor 1 represents the derived factor that explains the 6



Each factor has a statistic associated with it called an eigenvalue. The eigenvalue represents the number of variables that the factor explains. For example, if the eigenvalue of Factor 1 is 4.3, Factor 1 accounts for as much variance in the data as would 4.3 individual variables (on average). Any factors with eigenvalues greater than 1.0 are considered significant and included in the analysis.
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most correlation between the variables. Factor 2 explains the most of the remaining correlation. By examining these correlation coefﬁcients, one can begin to understand what each factor dimension represents.



Factor 1 The meaning of Factor 1 is relatively easy to understand. The following variables all have high positive correlation with Factor 1: proﬁt retention rate, sustainable internal growth, price-to-earnings, price-to-book, and earnings growth. Dividend yield is negatively correlated with Factor 1. Clearly, Factor 1 represents a measure of whether security returns come from dividend income or price growth. This is commonly referred to as a “Value–Growth” dimension. In this chapter, we will refer to it as an “Income–Growth” dimension because this more accurately characterizes the nature of Factor 1. Notice that the portfolio characteristic most highly correlated with Factor 1 is the price-to-book ratio. This is true for all quarters since March 1998. However, in a previous study, we found that from December 1994 through December 1997, the variable that was the most highly correlated with Factor 1 was sustainable internal growth. This demonstrates an important point. The variables that are most important in explaining underlying factor dimensions change over time. The price-to-book ratio is not always the best descriptor of an Income-Growth factor dimension.



Factor 2 The meaning of Factor 2 is debatable. The data in Exhibit 3.4 show four observed variables as highly correlated with Factor 2. However, this is generally not the case. In most quarters of this chapter and a previous unpublished study, only market capitalization and S&P Quality were highly correlated with Factor 2. On average, the most highly correlated variable with Factor 2 has been the S&P quality rating, not market capitalization. If one considers the S&P quality rating as a measure of ﬁrm risk, then Factor 2 could be either the traditional market cap dimension or a dimension that captures ﬁrm (bankruptcy) risk. In fact, a number of studies have found that ﬁrm bankruptcy risk is inversely tied to ﬁrm size.7 Factor 2 will be referred to as a Firm Risk factor dimension in this chapter. However, much more study is required before a clear understanding of Factor 2 will emerge. 7 The principal determinant of firm mortality was found to be the market capitalization in the following studies. M. Queen and R. Roll, “Firm Mortality: Using Market Indicators to Predict Survival,” Financial Analysts Journal (May–June 1987), pp. 9– 26; and J. Ohlson, “Financial Ratios and Probabilistic Predictors of Bankruptcy,” Journal of Accounting Research (Spring 1980), pp. 109–131.
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Factor Score Plot at September 30, 2001



It should be noted that beta was never even moderately correlated with Factor 2 during the period examined in this chapter. As such, Factor 2 cannot be interpreted as nondiversiﬁable volatility risk. When beta was correlated with a factor dimension, it was always with Factor 1, the higher the beta the greater the growth characteristics of the portfolio.



Portfolio Factor Scores Once the underlying factor dimensions have been determined, factor scores are calculated for each equity portfolio. Factor scores are calculated in a manner that Factor 1 scores are independent of Factor 2 scores. In addition, the average factor score in each dimension is 0.0 and the standard deviation in each dimension is 1.0. These factor scores represent the factor based style information associated with a given portfolio. In Exhibit 3.5 a plot of portfolio factor scores is presented for a random sample of 1,000 U.S. equity mutual funds, as of September 30, 2001. Portfolios that plot in the northwest quadrant had less Firm Risk and more Growth orientation than the average equity mutual fund at September 2001. Portfolios that plot in the southeast quadrant had more Firm Risk and were more Income oriented than the average equity mutual fund at September 2001. The funds located far into the southwest quadrant are largely REITS.
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The scale associated with each factor dimension represents the number of standard deviations from the mean factor score of 0.0. Thus, it is easy to estimate the number of funds within a certain area of the of the factor plot. For example, about two-thirds of all funds will be within plus and minus one standard deviation of the mean of a given factor dimension. A close look at Exhibit 3.5 reveals an important insight. There is no obvious clustering of the funds. Equity portfolios simply do not fall into natural groupings from which identiﬁable style classiﬁcations can be developed. Equity portfolios differ from one another on a continuum. This means that any effort to create predetermined and ﬁxed style boxes is ﬂawed. There will always be portfolios that migrate across ﬁxed style classiﬁcations over time. In addition, ﬁxed style classiﬁcations will always have two similar portfolios being placed into adjacent style boxes. These very similar portfolios will be compared with very different portfolios in their assigned style class but not be compared with each other. It took years for this obvious and simple fact to become clear to the author. Fixed style classiﬁcations are naïve and should not be used. If one wants to create a peer group for a given portfolio, the group should consist of other funds having similar factor scores to the portfolio in question.



Adjusted Factor Scores A problem can arise when the factor analysis results are linked from one quarter to another. One cannot be sure that a given point on the factor score map represents exactly the same type of funds from quarter to quarter. As an example, consider a given fund at date t. Even if there are no changes in the types and quantities of securities held in the portfolio during the next quarter, the portfolio’s factor score will probably change. This occurs because stock prices change—resulting in changes in percentages held in each stock, changes in correlation coefﬁcients between observed fundamental variables, and because new equity portfolios are created that do not exactly duplicate the types of portfolios at date t. To offset this problem, the factor scores can be adjusted so that certain positions on the Factor Score map remain constant. One possible adjustment would be to make the center of the Factor Score map represent a value-weighted portfolio of all stocks traded in the United States. Another would be to always have the Vanguard Small Cap Index have an Income–Growth factor score equal to zero. The results of such adjustments to the factor scores are those shown in Exhibit 3.5. An interesting feature of the results shown in the ﬁgure is the positive relationship between Factor 1 and Factor 2. Growth oriented funds tend to have higher Firm Risk scores. Income-oriented funds tend to have lower Firm Risk scores.
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EXAMINING THE QUALITY OF EACH METHODOLOGY In this section, we examine three important aspects of style information quality: ■ How well the style information is correlated with subsequent portfolio



returns, Return Prediction. ■ The Timeliness of the style information. ■ The Accuracy of the style information



Quality of Return Prediction The quality of style information is clearly a function of the extent to which the information is related to future portfolio returns. This can be examined by regressing portfolio returns in quarter t against style information from each model at the start of quarter t. Results reported here represent results from such regressions over the 20 quarters starting with March 1997 and ending with December 2001. To examine how well style information predicts subsequent portfolio returns, portfolio returns during quarter t are regressed against two style information variables available at the start of quarter t. This allows for a direct comparison of the predictive content of each styling model. Style information from the Factor Based Style model consisted of Factor 1 and Factor 2 portfolio scores. Style information for Characteristics Based Styling consisted of a portfolio’s average Market Capitalization and an average of the portfolio’s price-to-earnings and price-tobook ratios.8 The development of RBS style information that also reﬂects Income–Growth and Market Capitalization (Firm Risk) dimensions was more involved and deserves special attention.



Returns-Based Style Variables To start, RBS information was calculated at the start of a quarter using the following time series regression:9 Rp,t = bp,1G[R1G,t] + bp,1V[R1V,t] + bp,2G[R2G,t] + bp,2V[R2V,t] + ep,t (2) In this regression, Rp,t represents the return on portfolio p during period t, R1G,t and other similar terms represent returns on the Russell 1000 8



Both p/e and p/b ratios were first divided by the respective p/e and p/b ratios of the Vanguard Total Stock Market Portfolio. 9 This model does not include fixed income and international indexes in order to keep the discussion as straightforward as possible. However, RBS models that included such indexes were examined, with results similar to those presented here.
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and 2000 Value and Growth Indexes, bp,1G and other similar terms represent the estimated regression parameters, and ep,t is the residual error. All estimated parameters were constrained to be nonnegative and the sum of the regression parameters was constrained to equal 1.0. Twenty quarters of prior returns were used in each quarter-end regression. Next, measures of Income–Growth and Market Capitalization for each quarter were calculated as follows: IGp = (bp,1G + bp,2G) − (bp,1V + bp,2V)



(3)



MCp = (bp,2G + bp,2V) − (bp, 1G + bp,1V)



(4)



In these calculations, IGp will be +1.0 if the RBS estimates place the portfolio 100% in the Russell Growth indexes or be −1.0 if the RBS estimates place the portfolio 100% in the Russell Value indexes. The value of MCp will be +1.0 if the RBS estimates place the portfolio 100% in the Russell 2000 indexes or be −1.0 if the RBS estimates place the portfolio 100% in the Russell 1000 indexes.10 These two steps were repeated for each of the 20 quarters examined.



Return Prediction Regressions The following three cross-sectional regressions were performed for each quarter using style information at the start of quarter t and fund returns during quarter t: RBS Style Regression: Rp = a + b(IGp) + c(MCp) + ep



(5)



HBS Style Regression: Rp = a + b(AvePBPEp) + c(CAPp) + ep



(6)



FBS Style Regression: Rp = a + b(F1,p) + c(F2,p) + ep



(7)



where the independent variables are: IG = Income–Growth variable from equation (3) MC = Market Cap variable from equation (4) AvePBPE = Average of portfolio’s price-to-earnings and price-to-book ratios 10



The interpretations of the directions used in this chapter differ from typical style directions. North means Growth and South means value or income. East means large market cap and west means small cap. This was done to be consistent with the results of the FBS results. In addition, this is more in keeping with the standard risk return diagram in which risk is plotted on the vertical axis and expected return is plotted on the horizontal axis.
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Cap F1 F2



= Average market capitalization of stocks held in the portfolio = Factor 1 score = Factor 2 score



Exhibit 3.6 shows the R-squared values obtained from these crosssectional regressions over 20 different quarters. With a few exceptions, all three types of style information were clearly correlated with subsequent quarterly portfolio returns. The average R-squared values over the 20 quarters studied in this chapter are:



Average R-square (1Q97–4Q01)



RBS



CBS



FBS



47.9%



41.8%



44.8%



None of the methodologies dominated the other in their explanatory power. In fact, these averages depend on the time interval over which the regressions are run. In a similar previous study by the author that covered the period December 1994 through September 1997, the average R-square for the FBS data was the greatest (33%) and that for the RBS was the smallest (20%). EXHIBIT 3.6



Cross-Sectional Regression R-Squares (97Q1–01Q4)
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Is there return information in portfolio characteristics? Factor scores capture common factor dimension information associated with portfolio characteristics. An interesting question is whether any observed portfolio characteristics are able to predict portfolio returns beyond what is captured by the factor scores. Just as the portfolio characteristics are used to calculate factor scores, factor scores can be used to predict the portfolio characteristics.11 To distinguish between affects of the two factor scores and information in portfolio characteristics not captured by the factor scores, the following cross-sectional regression model was examined:



AM FL Y



Expanded FBS Model: Rp = a + b1(F1,p) + b2(F2,p) + Σcj(vj,p) + ep



(8)



This model adds an independent variable for each portfolio characteristic.12 These independent variables are represented by the vj,p variables. These variables capture any affects on portfolio returns associated with information in the portfolio characteristics that is not explained by the factor scores. Each vj,p variable is the residual error from the following cross-sectional regression in a given quarter:



TE



Vjp = a + b(F1,p) + c(F2,p) + vj,p



(9)



where Vjp represents the value of fundamental characteristic j for portfolio p at the end of a given quarter. For example, consider the case when variable j represents the priceto-book ratio. In that case the dependent variables are portfolio priceto-book ratios at the end of a given quarter and the independent variables are the portfolio factor scores at that quarter-end. In this case, the residual error vj,p represents the price-to-book ratio for portfolio p that is not explained by the portfolio’s factor scores. Results of this Expanded FBS Model are shown in Exhibit 3.7. Since these regressions were conducted over a different time period and using different portfolios than those presented earlier, the R-square values should not be compared with results shown on Exhibit 3.6. The averages of the absolute values of the t-statistics on the factor scores are 30.2 for Factor 1 and 22.1 for Factor 2, clearly very signiﬁcant in a statistical sense. However, many of the quarterly t-statistics for the residual portfolio characteristic variables are also well within normal statistical signiﬁcance. While Factors 1 and 2 are the most statistically signiﬁcant, there is also important predictive information in each of the fundamental characteristics that is not captured by the factor scores. 11



The data presented in this section comes from a previous study by the author. It has not been updated through December 2001. 12 Past dividend growth was not included in order to assure non-singularity in the regression calculations.
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Average Average Absolute Value



993 992 991 984 983 982 981 974 973 972 971 964 963 962 961 954 953 952 951 944



49.3 50.8 46.6 53.0 52.6 54.0 32.8 59.7 56.2 34.3 70.7 57.9 10.4 32.5 12.8 30.7 46.6 27.5 10.9 24.6 40.7



30.2



35.6 −38.1 46.2 59.0 −6.1 31.4 31.7 −41.7 22.0 35.6 −67.8 −54.6 3.4 23.9 11.2 −23.1 35.8 21.7 −0.8 14.0



Factor Score 1



22.1



−30.0 −44.4 15.9 −20.1 59.1 44.9 6.9 42.5 −52.5 −1.0 32.3 9.7 12.5 −15.1 −5.6 13.2 −16.9 −2.9 8.3 8.0



Factor Score 2



Factor Score Variables



3.2



−1.3 −5.1 −1.6 0.9 −1.6 1.5 1.8 11.1 −5.5 2.2 2.1 −1.5 −2.0 −7.7 0.6 1.9 −3.1 2.1 9.4 0.0 3.4



0.27 −4.6 −1.0 1.1 −1.4 4.3 2.6 −0.7 −2.5 1.5 9.1 2.0 −2.3 −8.1 −0.1 −0.8 −4.7 8.9 9.2 −2.7 3.0



0.67 −4.9 0.0 0.2 0.4 0.9 −2.7 6.8 1.5 −0.8 −5.9 −2.1 −1.5 −7.8 −3.2 2.3 5.7 6.4 3.7 1.8 2.3



1.1 3.8 −0.6 1.4 0.8 4.1 2.7 1.5 0.5 0.1 3.7 1.4 −2.1 −7.0 0.7 −0.6 −1.0 4.8 7.1 1.3 3.4



0.0 2.5 1.1 −1.7 5.7 3.1 −0.3 2.8 −7.6 −2.9 −3.1 −7.6 0.5 8.5 −0.9 3.5 6.2 −4.6 −3.5 1.3 3.7



−1.3 4.1 3.6 −3.2 4.9 8.6 −2.0 −6.5 1.6 4.7 −4.1 3.2 2.3 7.8 2.2 −3.4 −7.7 −0.8 −1.2 1.3 4.2
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Residual Portfolio Characteristic Variables



Style Information t-Statistics from Cross-Sectional Return Regressions (94Q4-99Q3)



RQuarter Square



EXHIBIT 3.7
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Quality of Timeliness There is no debate that RBS information is measured with a lag. The question is how serious the problem can be. In this section, we compare statistically the relationship between RBS information with FBS information and look at a case example of the differences that can occur between the two approaches.



Statistical Analysis of RBS Timeliness In this chapter, the RBS information at the end of 2001 was based on ﬁve years of quarterly returns through December of 2001. The FBS information was calculated for each quarter-end over the same ﬁve-year interval. If both RBS and FBS are measuring the same information, then the RBS information at the end of 2001 should be related to the average FBS information of a portfolio during the time period used to estimate the information, that is, the ﬁve years of FBS information. Using the RBS measures of Income Growth (IG) and Market Capitalization (MC) as previously shown in equations (3) and (4), the following two regressions were performed: IGp = a + b(AveF1p) + Σct(DiffF1tp) + ep



(10)



MCp = a + b(AveF2p) + Σct(DiffF2tp) + ep



(11)



Equation (10) relates the Income–Growth RBS measure for a portfolio (IGp) to 20 independent variables. The ﬁrst independent variable (AveF1p) is the average Factor 1 score of the portfolio over the same period used to estimate IGp. The other 19 independent variables represent the difference in each quarterly Factor 1 score for the portfolio from the portfolio’s average Factor 1 score. Equation (11) relates the Market Capitalization RBS measure for a portfolio (MCp) to 20 independent variables. The ﬁrst independent variable (AveF2p) is the average Factor 2 score of the portfolio over the period used to estimate MCp. The other 19 independent variables represent the difference in each quarter’s Factor 2 score for the portfolio from the portfolio’s average Factor 2 score. Results are displayed in Exhibit 3.8, for the period January 1997 through December 2001. In both models, the RBS information was highly related to the associated average factor score. While some of the factor score differences from the average scores were statistically signiﬁcant, they were spread evenly over the ﬁve-year period. In fact, the factor score difference for the quarter ended June 1997 had a t-statistic of 5.6. These results are exactly what would be expected. The RBS infor-
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mation is an estimate of the average FBS information during the period used to develop the RBS information.13



Qualitative Analysis of RBS Timeliness Exhibit 3.9 (with data for the period January 1997 through December 2001) provides an illustration of the differences in style information that can arise with Returns-Based Styling. The top panel shows the factor scores for a large institutional equity fund composite (unnamed here). The horizontal axis represents Firm Risk with lower risk to the left. The vertical axis represent an Income–Growth dimension with growth ﬁrms at the top and income ﬁrms at the bottom. All factor scores are scaled so that the Vanguard Total Stock Market portfolio is centered at zero on both axes for all quarters (the dot in the center). This is referred to as the Market Core. Axes are scaled so they represent the number of standard deviations from the Market Core. The factor scores of the portfolio being evaluated are shown by the crosshairs. The size of the crosshairs gets larger as the factor score are measured at more recent quarters. The factor scores for this fund are interpreted as follows. At March 1997, the portfolio was indistinguishable from the Market Core. Over the next two years, the portfolio’s Income–Growth character did not change, but the ﬁrm risk of stocks that it held increased. Then, in early 1999, the portfolio began a migration towards lower risk stocks with a strong income orientation. The bottom panel of Exhibit 3.9 displays the RBS information. The four corners of the plot represent four commonly used Russell indexes. Again, the size of the crosshair represents the time at which RBS information was obtained.14 The most recent estimates are shown as the largest crosshairs. The Returns-Based Style information tells a very different story than observed in the top FBS panel. According to RBS, the portfolio has been slowly drifting towards mid to small cap stocks. It never picks up the clear movement to larger cap and income oriented stocks during 1999 through 2001 that the FBS captures. Proponents of Returns-Based Styling have offered a variety of suggestions to overcome the Timeliness deﬁciency of RBS. One approach is to use a shorter time interval with monthly rates of return. Unfortunately, shortening the history increases the standard deviations of the regression parameter estimates provided by RBS. In addition, many institutional portfolios cannot provide audited 13 Similar regressions were performed for various other quarters that are not shown here. Results were similar to those reported here. 14 This portfolio did not have a sufficient return history to estimate a full 20 quarters of RBS estimates.
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monthly returns. Another approach is to weight recent return observations more heavily than early returns. This has unknown affects on the standard deviation of the regression parameters. The solution to this Timeliness problem would be to use daily returns over, say, monthly time intervals. Of course, this would be feasible only for mutual funds and eliminate the advantage of RBS (low cost). EXHIBIT 3.8



Regression Results Relating RBS Information to FBS Information (97Q1-01Q4) t-statistics for Model: IGp = a + b (AveF1p) + Σct(DiffF1tp) + ep



AveF1 AveF2 Diff4Q01 Diff3Q01 Diff2Q01 Diff1Q01 Diff4Q00 Diff3Q00 Diff2Q00 Diff1Q00 Diff4Q99 Diff3Q99 Diff2Q99 Diff1Q99 Diff4Q98 Diff3Q98 Diff2Q98 Diff1Q98 Diff4Q97 Diff3Q97 Diff2Q97 R-square



18.0 — 0.6 5.8 1.8 1.7 1.8 −0.8 0.4 −1.7 2.9 0.9 0.8 1.4 0.9 0.5 3.7 −0.7 0.7 1.3 2.2 53.8%



MCp = a + b (AveF2p) + Σct(DiffF2tp) + ep — 46.7 4.1 3.7 3.1 3.0 −0.5 1.6 5.6 1.6 3.0 1.7 −0.8 3.2 6.9 1.7 3.7 1.3 3.3 1.9 5.6 73.6%
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EXHIBIT 3.9



Illustration of RBS Timeliness: Institutional Composite (97Q1-01Q4) Factor-Based Fundamental Style History



Returns-Based Style History



Note: Larger crosshairs imply more recent quarterly data.



Quality of Accuracy Does Factor-Based Styling provide more accurate style information than traditional Characteristics Based Styling? In its favor, FBS is based on a widely accepted statistical methodology. A methodology that has been designed to use all relevant information in many variables to identify the number of signiﬁcant factor dimensions (important differences) there are within the observed variables. In concept, FBS should provide more accurate style information. This, however, is difﬁcult to prove empirically. We have seen above that both FBS and CBS information predict subsequent returns equally well. Thus, one cannot use return predictability as empirical evidence of the possible increase in accuracy from using FBS. To date, we have been
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unable to devise a statistical test of the relative accuracy of FBS and CBS. The best we can do is to look at case histories and investigate the reasons for differences in their style information when they occur.



A Case Where There Is No Difference To start, it is important to note that, in most situations, the style implications of both FBS and CBS information are similar. As an illustration, we selected a mutual fund knowing it would have a complete ﬁve-year history using both approaches. This fund was Growth Fund of America. Results of the style information for both FBS and CBS are shown in Exhibit 3.10. EXHIBIT 3.10 FBS and CBS Style History of Growth Fund of America (97Q1-01Q4) Factor-Based Fundamental Style History



Traditional Holdings Based Styling
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The top panel in Exhibit 3.10 (with data for the period January 1997 through December 2001) presents the FBS history. Since this type of plot was discussed above, it will not be reviewed again. The bottom panel shows CBS information. The horizontal axis shows the portfolio’s market capitalization relative to the Vanguard Total Stock Market Fund. The further to the left the fund is on this axis, the larger its market cap. The vertical axis shows the average of the fund’s price-to-earnings ratio relative to the Vanguard fund and the fund’s price-to-book ratio relative to the Vanguard fund. Income (or value) funds plot at the bottom of this axis and growth funds plot at the top. A comparison of both panels shows exactly the same implications. This is a portfolio that has consistently been a mid to small cap fund with moderate growth characteristics. Both style methodologies tell the same story.



A Case with Moderate Differences Next, consider the case of Longleaf Partners Small Cap fund in Exhibit 3.11 (with data for the period January 1997 through December 2001). Again, the story told by each model is similar. But the Factor-Based Style information shows a little more volatility on the Firm Risk (market cap) dimension. This is caused in part due to the scaling of the axes in each plot. But it is also inﬂuenced changes in variables that affect the FBS Firm Risk dimension whereas the CBS horizontal axis looks solely at market cap.



A Case with More Extreme Difference In Exhibit 3.12 (with data for the period January 1997 through December 2001), the FBS and CBS style history for American Mutual Fund is shown. There is little difference in shifts along the income-growth axes. Both methodologies suggest that the portfolio has moved more towards an income orientation during the previous five years. But movements on the horizontal axes are in exactly opposite directions. In fact, the movements are so dramatically different that an analyst’s first thought should be, “There has got to be something wrong with this.” But there is not. The CBS style information shows that the portfolio has increasingly been holding stocks that have much smaller market capitalization than the Market Core. This was true. But the portfolio continued to hold stocks with an S&P Quality rating slightly higher than in the Market Core. Since the S&P Quality rating is an important determinant of a portfolio’s Factor 2 score, this is the principal reason for the different style implications obtained from the two approaches. CBS information contains information available from a few portfolio characteristics. FBS contains information from a large number of characteristics.
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EXHIBIT 3.11 FBS and CBS Style History for Longleaf Partners Small Cap Fund (97Q1–01Q4) Factor Based Fundamental Style History
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FBS and CBS Style History for American Mutual Fund (97Q1–01Q4) Factor Based Fundamental Style History
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EXHIBIT 3.12 (Continued) Traditional Holdings-Based Styling



The Case of Fidelity Magellan Fund Finally, let’s consider the style analyses for Fidelity Magellan Fund. These are shown in Exhibit 3.13 (with data for the period January 1997 through December 2001). The CBS information shows a portfolio that has gone from holding mid cap stocks to one that owns stocks with a much larger capitalization than the Market Core. This was indeed true. In contrast, the FBS information shows a portfolio that went from somewhat above Market Core Firm Risk to slightly below the Firm Risk in the Market Core. In part, this difference could be due in part to scaling differences in the horizontal axes of each methodology. But if this is the case, the Factor-Based Style model is better since it is based on the number of standard deviations the a fund is away from the Market Core. But there was another cause for the different implications—and again it was due to the S&P Quality ratings of the portfolio. Except for the ﬁrst quarter evaluated, Fidelity Magellan always maintained a quality rating close enough to the Market Core that the FBS methodology suggested that it had Market Core Firm Risk.



The Lesson of the Case Studies The introduction to this chapter stated that the goal of portfolio styling should be to develop accurate measures of important differences between investment portfolios. To accomplish this one should examine the style information from as many approaches as possible. Each model provides useful information. There is no single best way to “style a portfolio.” If multiple style approaches provide similar implications, then one can be conﬁdent that the portfolio’s style character has been properly measured. If the approaches suggest different implications, then a reconciliation of why this occurs will increase one’s understanding of both the style approaches and the portfolio’s true style character.
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EXHIBIT 3.13 FBS and CBS Style History for Fidelity Magellan (97Q1–01Q4) Factor-Based Fundamental Style History
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FIXED STYLE BOXES VERSUS DYNAMIC STYLING In the professional investment community, the term “portfolio style” refers to a number of ﬁxed style classes. Typical classes include: “Large Cap Growth,” “Large Cap Income,” Small Cap Growth,” and “Small Cap Income.” There are at least three things wrong with such ﬁxed style classes: ■ Portfolios do not group into natural style boxes. They differ from one



another on a continuum. The creation of ﬁxed style classes is an artiﬁcial construct since there is no obvious way to determine where the break points should be between the classes. ■ By placing a portfolio into a ﬁxed style class, there will always be portfolios near the boundary of the class. As a result, the performance of
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such portfolios will be compared with other portfolios in the same class that are at the other side of the class; i.e., portfolios that are quite different in style character. And yet, the performance of such a boundary portfolio will not be compared with portfolios in an adjacent style class with which they have much in common. ■ Some portfolios change their investment style considerably over time due to the nature of their investment strategy. How does one assign such portfolios to a single ﬁxed style class? Given the importance assigned to style peer group performance evaluation, it is hard to understand why ﬁxed style classes remain dominant today. Given the computer power that is presently available, there is no reason to continue to rely on arbitrary and ﬁxed style boxes.



Portfolios Do Not Group into Natural Style Classes FBS style information for December 2001 is shown in Exhibit 3.14. Similar CBS information is shown for the same date is shown in Exhibit 3.15. Both plots show clearly that funds differ from one another on a continuum. They do not ﬁt into neat style classes. And any attempt to create style boxes is completely arbitrary. Notice also that in Exhibit 3.15, the cutoff for, say, “income” funds would have to have a different average price-to-earnings and price-to-book ratio for large capitalization funds than for small capitalization funds. This is because the range and levels of average price-to-earnings and price-to-book ratios is quite different for large capitalization funds than for small capitalization funds. EXHIBIT 3.14



Plot of Factor Scores at December 31, 2001
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Plot of Characteristics-Based StyleVariables at December 31, 2001



Dynamic Styling The solution to the problems of using ﬁxed style classes is the concept of Dynamic Styling. With Dynamic Styling one creates a style peer group around the portfolio’s style history during the period that each portfolio return was earned. This means that there could be a style peer group for the fund’s past quarterly return, another for the past yearly return, and so forth. Using a Dynamic Style model assures that a relevant style peer group is used in evaluating each portfolio return. An example of Dynamic Styling is shown in Exhibit 3.16. The style history is for the institutional equity composite for an investment management ﬁrm (unnamed here) that had major changes in its Factor Based Style history, as of December 30, 2001. The boxes around the Factor Scores shows the area of the style map used to create various Dynamic Style peer groups. Notice that in each case the portfolio’s style Factor Scores are centered within the selected Dynamic Style peer group. Also notice that a different Dynamic Style peer group is used to evaluate each past portfolio return except the 4-year and 5-year return. In that case, a single Dynamic Style peer group is able to center the portfolio’s factor style scores. Before we move to the Conclusion, an additional advantage of Dynamic Styling deserves mention. The analyst has complete control over the size of the Dynamic Style time horizon. Thus, it can be changed until the peer group contains a sufﬁcient number of portfolios from which accurate percentiles can be calculated.
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Dynamic Styling Illustration at December 31, 2001



CONCLUSION Three models of styling equity managers were examined in this chapter: Returns-Based Styling, traditional Characteristics-Based Styling, and an extension of characteristics styling called Factor-Based Styling. The main ﬁndings are: ■ The quality of information provided by each model differed. ■ Each model provides information that is tied to future portfolio returns



and none of the approaches dominated the others. ■ Although Returns-Based Styling is a relatively inexpensive model,



Characteristics-Based Style and Factor-Based Style information clearly provide more timely information. ■ Factor-Based Style information is able to incorporate more information about the differences in equity portfolio holdings than traditional Characteristics-Based Styling. However, the most important implications of the chapter are:
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1. To understand the style character of a portfolio, one should use all style information that is available. The analyst should review style information from all style models. By doing so, one gains insights about a portfolio’s true style character as well as the strengths and weaknesses of each model. 2. Predetermined and ﬁxed style classes will often compare a portfolio’s past returns against an inappropriate style peer group. Style peer groups should be developed so that the portfolio being evaluated is centered in the peer group. This is the style concept called Dynamic Styling. The analyst or portfolio manager interested in assessing the “style” of an equity portfolio is presented with an array of approaches (models) to accomplish the task. This chapter has attempted to describe, illustrate and summarize these tools, and offer advice that will help guide one through the process.
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Style Analysis: A Ten-Year Retrospective and Commentary R. Stephen Hardy President Zephyr Associates, Inc.



tyle analysis, often referred to as returns-based style analysis (hereafter called RBSA), was developed and ﬁrst introduced by William Sharpe in his landmark article, “Determining a Fund’s Effective Asset Mix.”1 In 1992, RBSA was made commercially available with the release of StyleADVISOR, a Windows-based software program designed to implement Sharpe’s style analysis. For much of its early history, RBSA was used by a small number of pension plan sponsors and institutional money managers. Today, thousands of investment professionals use RBSA through numerous software programs. Institutional investors have traditionally used RBSA, but its popularity has begun to spread to investment advisors, brokers and ﬁnancial planners. More affordable, web-delivered applications of RBSA are now available to these larger and more fragmented groups. As the sophistication of these professionals grows, so does the demand for more sophisticated analysis tools. At some time in the future, individual investors may even use RBSA. The purpose of this chapter is to:



S



1 William F. Sharpe, “Determining a Funds Effective Asset Mix,” Investment Management Review (November/December 1988), pp 59–69. See also, William F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” The Journal of Portfolio Management (Winter 1992), pp. 7–19.
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1. Discuss the ongoing controversy between RBSA and security-based fundamental style analysis. 2. Discuss the use or nonuse of style benchmarks. 3. Discuss some of the common misconceptions and misuses of RBSA. 4. Discuss the one major limitation of RBSA and outline some of the proposed solutions.



THE CONTROVERSY: RBSA VERSUS SECURITY ANALYSIS To understand the controversy between these different yet complementary methodologies of style analysis, a little history is in order. As a partner in a money management ﬁrm in the early 1970s, I witnessed the adoption of style analysis by the institutional consulting community. The consultants observed that managers with different investment processes had different patterns of return. Their portfolios behaved differently depending on market conditions. They began to refer to this return behavior as “style,” and started to pigeonhole money managers according to style. They noticed that managers who favored growth stocks might have good returns relative to the market and to value stocks for several years. Then the opposite would occur and the value managers would outperform growth managers and the general market. These cycles of growth and value had nothing to do with the managers’ skill, they were simply a function of the market. We call these systematic factors. Exhibit 4.1 shows the rolling 36-month excess return of the Russell 3000 Growth index (dotted line) and the Russell 3000 Value index (solid line) over and above the Russell 3000, which is represented by the horizontal line at 0. We can see over this more than 20-year period that there are a number of subperiods lasting at least several years where growth outperforms value and vice versa. This same type of cyclicality occurs between small and large capitalization stocks as demonstrated by Exhibit 4.2. Here the threeyear rolling excess returns of the Russell 2000 Small Cap index is plotted around the zero line which represents the Russell 1000 Large Cap index. The recognition of style cyclicality and the proper identiﬁcation of manager’s style are important for two reasons: benchmarking and diversiﬁcation.



Benchmarking Properly benchmarking managers is very important. In the past it was common to benchmark all managers to some common broad market index, such as the S&P 500. Accordingly, skillful managers would be ﬁred when their style was out of favor and mediocre managers would be hired because their style was in favor.
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EXHIBIT 4.1



Russell 3000 Growth and Value 36-Month Excess Rolling Returns versus Russell 3000 Benchmark



EXHIBIT 4.2 Benchmark



Russell 2000 36-Month Rolling Excess Returns versus Russell 1000
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Diversification Consultants were working with large deﬁned beneﬁt plans, which had multiple managers for each asset class. The sponsor and consultant would have to build a “portfolio” of these various managers. That total portfolio would typically be benchmarked to a broad market index such as the S&P 500 or Russell 3000. The allocation of money among managers became critical. If too much money was allocated to one style and that style underperformed the market for several years, the plan sponsors’ total equity portfolio would likely under perform its market benchmark, even though the managers might have all outperformed their respective style benchmarks. Most of these sponsors and consultants also concluded that they could not predict what styles would do well in the future. Therefore, the most prudent thing to do was to build a portfolio of managers whose aggregate style would be similar to the style of their market benchmark. This way, if the managers did their jobs and outperformed their speciﬁc benchmarks, then the total equity portfolio by deﬁnition would outperform the market. To build this type of overall portfolio it therefore became critical to identify and predict the managers’ behavior/style. Managers have complained about being too tightly constrained by these style deﬁnitions. Viewed from the sponsor or consultants’ standpoint, though, each manager is part of a team and therefore has a position to play on that team. Once the importance of a manager’s style was recognized, the question that arose was “How do we identify and predict a manager’s behavior/style?” One obvious answer was to look and see what kind of stocks the manager had in their portfolio. If they owned mostly growth stocks, then obviously they were a growth manager. Stocks are identiﬁed as being either growth or valued based on certain ﬁnancial ratios such as price to book, PE, earnings growth, and the like. This is how the security based style analysis began. It’s important to emphasize here that the goal was not to determine what securities were in a manager’s portfolio. The goal was to predict the manager’s behavior or style and that was accomplished by identifying the securities. Security analysis is certainly a good way to predict the manager’s style. It has one advantage over RBSA that we will discuss in detail at the end of this article. However, security analysis is very time consuming and therefore expensive. It’s not as simple as merely identifying the holdings of the current portfolio. To have any conﬁdence that the managers’ style will be consistent in the future, one should analyze the manager’s style consistency in the past. This requires looking at every holding in the portfolio for the many months or quarters that make up at least a ﬁve-year period. At the very least, this is a big job, and in the many cases where this data is not available, it’s impossible.
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Enter Sharpe’s style analysis (RBSA) in 1988. William F. Sharpe, the Nobel Laureate from Stanford University and coinventor of the Capital Asset Pricing Model, wrote his famous article outlining his idea of a much easier, cost-effective, and sometimes more accurate, way of predicting a manager’s behavior. Sharpe recognized that we have the statistical tools and the computing power to analyze a manager’s historical behavior. Using just the manager’s monthly or quarterly returns along with the returns of selected indexes could do this. Using an optimizer (a quadratic programming package), one could ﬁnd the combination of indexes that is most highly correlated with the manager’s returns. Sharpe identiﬁed a manager’s return behavior as his “tracks in the sand.” RBSA allows you to forecast the exposure that the manager will have to different asset classes, and therefore how the returns of the manager will behave relative to the indexes. To do his analysis, Sharpe speciﬁed two simple rules. ■ The indexes selected should be exhaustive. They should include all of



the investable assets in the particular asset class you are analyzing. ■ The indexes selected should be mutually exclusive. They should not



have overlapping securities. Initially some in the consulting industry (mainly those with large investments in security-based manager databases) objected. They complained that there was too much “noise” in manager returns. Manager returns were too highly correlated, and so on. Of course if there were no observable difference in managers’ behavior, then there would be no point in doing style analysis in the ﬁrst place. Because it worked, these objections evaporated and RBSA’s popularity grew rapidly in the later half of the 1990s. Even most of those early critics in the consulting industry are using RBSA to complement their security-based systems. Exhibit 4.3 shows the style history of Fidelity Magellan Mutual Fund calculated using monthly returns from January 1979 to February 2002. Each of the symbols in the top chart represents the style of the fund over a 36-month period. There are a total of 219. The bottom chart graphs the style history and how it has changed over time. This took less than a minute to prepare, about a second to do the computation and the rest of the time to ﬁnd Fidelity Magellan in our database of over 13,000 mutual funds. Actually, this is only a small part of what was actually calculated in less than a second! Not shown are the monthly returns for the manager, the style benchmark, the market benchmark and 46 performance statistics for both rolling and single time periods, and much more. How long would it take to do a similar analysis of these 219 periods using security analysis?
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Equity Style History of Fidelity Magellan Fund (36-Month Rolling
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Aside from its speed and efﬁciency, Sharpe recognized that RBSA can give more accurate predictions of a manager’s style than an analysis of the individual securities. He gave the following example at the Zephyr Associates Second Annual Users Conference in Lake Tahoe in September 1995. For his example, he selected the Smith Breeden Mutual Fund (now called Managers US Stock Market Plus). An examination of the fund’s holdings showed index future contracts and a number of mortgage-backed, ﬁxed income derivatives. The fund didn’t (and still doesn’t) own a single share of common stock. Apparently this examination of the portfolio led Morningstar, at the time, to classify it as a ﬁxed income fund. Actually, this is an enhanced index fund that uses derivatives to provide a risk and return proﬁle very similar to the S&P 500. Professor Sharpe pointed out to the audience that we own a fund for the return we expect and not necessarily because of what the fund holds. If we expected this fund to perform like a ﬁxed income fund, we would be very disappointed. Exhibit 4.4 shows what a good job RBSA does in analyzing this fund’s style. Its style is so similar to the S&P 500 that we cannot distinguish the symbols on the top manager style graph. The bottom asset allocation graph shows the style benchmark, or effective asset mix, for this fund to be almost identical to the S&P 500 index. The top half of Exhibit 4.5 shows how this fund has performed relative to the S&P 500 index and the bottom risk return graph shows the annualized return and annualized standard deviation of the fund to be almost identical to that of the S&P 500.
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Equity Style History of Managers U.S. Stock Market Plus Fund (36-Month Rolling Window)



EXHIBIT 4.5



Performance History of Managers U.S. Stock Market Plus Fund
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In this case, identifying the securities in the portfolio to determine the portfolio’s style didn’t work. Shortly we will give some less extreme examples where security analysis can lead to the wrong conclusions in terms of style and behavior. Since RBSA does not attempt to identify the security holdings, but instead identiﬁes the fund’s behavior and style, it avoids this pitfall. For most conventional portfolios, both RBSA and security analysis will make the same style identiﬁcation and predictions. It’s the small percentage of times that they contradict each other that is interesting. A few years ago, some large cap growth managers complained that RBSA made them appear smaller in capitalization than they actually were. In each of these cases the managers had over-weighted technology and under-weighted consumer nondurables relative to the Russell Large Cap Growth index. At that time, the dominant sector in small growth was technology and the dominant sector in large growth was consumer nondurables. These managers therefore behaved more like the Russell Small Growth index, even though their portfolios’ weighted capitalization was much higher. Does this make RBSA wrong? Only if you had the mistaken idea that RBSA is designed to identify the securities in the portfolio. RBSA was correctly identifying the managers’ return behavior. Look at it from the consultant’s or plan sponsor’s viewpoint. They are building a portfolio of various managers and it is important to have low tracking error to their market benchmark. They already have a small cap growth manager. Do they want their large cap growth manager to behave like their small cap growth manager? In another case, a manager who worked for our ﬁrm claimed to be a large cap growth manager. He bought stocks for high earnings growth, high PE, high price-to book, etc. RBSA showed him to behave not like a large-growth manager but more like a core manager. His style plotted very close to the S&P 500. It did not matter what set of style indexes we used to analyze his behavior. (We have 10 sets of indexes: Russell, Wilshire Associates, Prudential, and so on.) We ﬁnally asked the manager how he built his portfolios. After explaining the various screens he used to select stocks, he said he made sure that the sector weights in the portfolio matched those of the S&P 500. We tried diplomatically to explain that he was not building growth portfolios but rather enhanced index funds. The industry or sector a stock belongs to has more impact on its return behavior than whether it’s a small company, large company, has a high or low PE, and so on. It is ironic to note that the style indexes are constructed using ﬁnancial ratios to select the stocks. Yet, once they are constructed, the sector weights tend to dominate their behavior.



Style Analysis: A Ten-Year Retrospective and Commentary



EXHIBIT 4.6



117



Equity Style Analysis of Fidelity Low-Priced Stock Fund



Once we realized that the purpose of both RBSA and security analysis is to determine and predict the manager’s style and not to ﬁnd out what is in the portfolio, the controversy, for the most part, goes away. RBSA is faster and more efﬁcient and can often predict behavior better than security analysis. RBSA is inferior to security analysis in one respect. Using monthly or quarterly data is slow in determining a manager’s style changes. We will discuss this and some possible solutions in greater detail later.



BENCHMARKING Earlier, I mentioned that one reason for determining a manager’s style is to properly benchmark the manager. RBSA creates custom benchmarks by using a combination of indexes that identiﬁes the manager’s style. Sharpe called this blend of indexes the manager’s “effective asset mix.” Exhibit 4.6 shows a style analysis for the Fidelity Low Priced Stock fund. Its style, which is deﬁned by its asset allocation in the bottom half of the exhibit, is deﬁned as 56.1% small value; 15.3% large value; 11.1% small growth and 17.6% T-bills. Those indexes and weights are geometrically plotted on the style map on the top of Exhibit 4.6. The four corners on the style map represent the Russell style indexes. Notice that none of these four Russell style indexes would be a good represen-
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tation of Fidelity’s low-priced stock fund. Although we might label this fund a small value fund, the Russell 2000 Value index is not a good benchmark. The manager’s style analysis suggests that it is larger and a bit more “growthy” than the 2000 Value index. Since there is no single index that represents this fund’s style, we create a custom style benchmark that is the blend of indexes that deﬁnes the manager’s style. The indexes and their weights are shown in the bottom half of Exhibit 4.6. This custom style benchmark, which we refer to as the style benchmark, is 56.1% small value, 15.3% large value, and so on. Despite the growing popularity of style analysis, the one disappointment is the reluctance and refusal to use these better benchmarks for performance measurement. Style analysis software programs automatically create these benchmarks, so they are just as easy to use as any single index benchmark. Yet, the majority of our users continue to select a single index benchmark, even though the style benchmark is almost always superior. This superiority can be veriﬁed by computing the R-squared of the style benchmark to the managers’ returns and comparing it to the Rsquared of the single index benchmark to the managers’ return. For instance, Exhibit 4.7 shows that Fidelity Low Priced Stock’s Rsquared to the style benchmark (left pie chart) is 88.3% while its Rsquared to the Russell 2000 Value index (right pie chart) is a lower 84.5%. The style benchmark does a better job of capturing the manager’s behavior, but it is not what most people are using. Most would agree that a balanced manager whose portfolio consists of both stocks and bonds should not be benchmarked to just a stock index or just a bond index. For a balanced manager, it is common to create a custom composite made up of some part stocks and some part bonds (i.e., 50% S&P 500; 50% Lehman Aggregate Bond Index). Therefore, if we know that there is not one index that best deﬁnes a manager’s true style, why not ﬁnd some combination of indexes that does? The problem of using poorly speciﬁed benchmarks is not theoretical, it has real practical signiﬁcance. A lot of money is wasted because poor benchmarks lead to unnecessary and wasteful manager turnover. The reason we benchmark managers in the ﬁrst place is to determine whether they are skillful. If managers are not skillful then we are wasting our money on active management fees. The more efﬁcient alternative would be to buy index funds. Another way to think of a benchmark is to ask how you might best replicate a manager’s performance that does not include the manager’s skill. The simple way to replicate the Fidelity Low Priced Stock Fund would be to buy the four Russell style index mutual funds, with the weights speciﬁed in Exhibit 4.6. Any return increment that a manager
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can provide over and above the return generated by this blend of indexes represent the manager’s skill, stock selection and/or timing ability. What is the danger in using a single index as a benchmark? After all, in this example, the Russell 2000 Value is probably the best single index for this fund. In Exhibit 4.1, we showed the inﬂuence that style has on returns. Value, growth and size factors have a much greater impact on managers’ returns than the value-added a manager produces with skill. If the returns from style are not accounted for properly they will be confused with the returns that come from the manager’s skill (or lack of). The Fidelity Low Priced Stock fund is larger than the Russell 2000 Value. If small cap stocks are in favor for several years, this fund will have performed poorly relative to the Russell 2000 Small Value index. In this example, investors who confuse the style effect with a lack of manager skill might sell the fund. The same could happen if value is in favor. Since this fund is a little less “valuey” than the Russell 2000 Value index, its performance relative to this index would be adversely affected. To demonstrate how a poorly speciﬁed benchmark can create unnecessary turnover and lost opportunity, I selected the best performing mutual fund from January 1979 (the ﬁrst month for the Russell style indexes) to February of 2002. That fund was the Sequoia Fund with a 17.95% annualized return. That return beat the S&P 500 by 4.07% per year. The next three best performing funds were: Fidelity Magellan (17.69%), CGM Capital Development (16.24%), and Mutual Qualiﬁed Z (16.23%). EXHIBIT 4.7



Performance Attribution for Fidelity Low-Priced Stock Fund
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Sequoia Fund 12-Month Rolling Excess Returns versus S&P 500



Benchmark



Exhibit 4.8 plots the rolling 12-month return of Sequoia relative to the S&P 500 for this 20-plus-year period. What are the chances that the average investor would have held this fund for the entire period and enjoyed this incredible long-term performance? Rather small, I suggest. For the 12-month period ending on June 30, 1983, the fund had underperformed the S&P 500 by 17.83%. Other relatively poor performing one year periods occurred in August 1986 (–15.63%), November 1988 (–9.48%), October 1990 (–7.26%), July 1995 (–11.84%) and February 2000 (–36.62%). So, perhaps you are a long-term investor and would not ﬁre a manger based on just one year. Exhibit 4.9 shows differences in performance for rolling three-year periods. On July 30, 1987, Sequoia under performed the S&P 500 by 8.43% per year for that three-year period. In November 1990 it was –5.72%, in February 2000 –12.40%. Sequoia is considered a large-value fund, so Exhibit 4.10 shows the same returns. Only this time they are relative to the Russell 1000 Value index. The fact that this is a better benchmark helps but it still looks like there is a good chance an investor would have sold Sequoia early on in July of 1987 when it had under performed the Russell 1000 Value by 7.31% per year for the past three years.
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Sequoia Fund 36-Month Rolling Excess Returns versus S&P 500



Benchmark



EXHIBIT 4.10 Sequoia Fund 36-Month Rolling Excess Returns versus Russell 1000 Value Benchmark
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EXHIBIT 4.11 Sequoia Fund 36-Month Rolling Excess Returns versus Custom Equity Style Benchmark



Finally, Exhibit 4.11 looks at Sequoia relative to its custom style benchmark. For 20 years (1979–1999), the manager was able to consistently show excess performance over the style benchmark on a rolling three-year basis, except for a slightly negative –1% in 1992. In short, with the proper benchmark and a reasonable time horizon investors are much less likely to ﬁre skillful managers or hire poor performing or mediocre managers. Custom style or blended benchmarks are created instantly with today’s style analysis software programs. They are as easy to use as market or single index benchmarks, and are decidedly superior. They will result in much less manager turnover and consequently save investors a good deal of money over time. They should be used in place of single indexes.



COMMON MISCONCEPTIONS AND MISTAKES MADE WITH RBSA The identiﬁcation of a manager’s style by indexes should not be taken literally. To say a manager’s effective asset mix or style is 50% large value and 50% large growth does not mean that 50% of the stocks in the portfolio are large growth and that 50% are large value. We don’t know that.
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It could be that 100% of the stocks in the portfolio are core stocks (neither value nor growth). All we know is that the portfolio is behaving like an index that consists of a 50% large growth index and 50% large value index. The analysis of the Fidelity Low Priced Stock fund that we did earlier shows over 17% in T-Bills. Does this mean that the manager has held cash? Not necessarily. Anything that would make the portfolio behave like cash would add T-bills to the analysis. This might be straight bonds, convertible bonds, low beta stocks, the sale of call options, or the purchase of put options. Anything that lowers the volatility of the portfolio would result in an allocation to cash in the analysis. Another popular misconception about RBSA is that a manager’s alpha, or value-added, will inﬂuence or change the manager’s style benchmark. The argument goes something like this. Let us say I am a growth stock manager and for the last few years growth has been out of favor. However, I have performed very well. In fact I have done as well as most value managers. Will my performance make me look like a value manager? The short answer is no. I will look like a growth manager with a large alpha. This confusion comes from the fact that many think that RBSA is comparing a managers overall returns to the overall returns of some combination of indexes. That is not the case. RBSA looks at the month-to-month or quarter-to-quarter ﬂuctuation of the returns and sees how those ﬂuctuations correlate to various indexes. Imagine a Japanese equity manager who has achieved very good returns over the past ten years. This manager’s annualized returns are comparable to the annualized returns of a U.S. equity portfolio. It doesn’t matter what the overall returns are. If you look at the monthly return ﬂuctuations, you will ﬁnd a much higher correlation to the Japanese market than the U.S. market. Over the years we have seen some criticism of RBSA for giving the “wrong” information. This is almost always the case of the wrong RBSA model being used by the critics. When we choose the right model, the wrong information goes away. As explained earlier, the standard model we use ﬁnds the combination of indexes that when combined provide the highest correlation and lowest tracking error to a manager’s returns. The standard model works ﬁne if the number of indexes used to create the style benchmark is relatively small, say six or less. With the standard model, the more indexes (independent variables) you add, the more likely you will get spurious correlations. The model wants to add any index that will even slightly raise the R-squared. Add a series of random numbers and the model will ﬁnd some period where there is some correlation that results in a slightly higher R-squared. To correct for this an adjusted R-squared model should be used to do RBSA if more than six indexes are used. An adjusted R-squared model will select the combination of indexes that gives the highest R-squared
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with the fewest number of indexes. More precisely, an adjusted R-squared model maximizes modiﬁed R-squared that is the ordinary R-squared with a penalty imposed for using more indexes. The adjusted R-squared model will eliminate most (if not all) spurious correlations. A recent article by Buetow and Ratner discussed the use of RBSA.2 In all of their examples, they used a set of 10 indexes. They also used the standard model. I will suggest an alternative analysis. One of their examples was the Vanguard Strategic Equity portfolio, which is strictly a domestic U.S. equity fund. They demonstrated that returns-based style analysis showed exposure to International stocks, which the portfolio does not own. I reproduced their analysis using the same palette of indexes, the same fund and the same time period. The top of Exhibit 4.12 uses the standard model and shows the same International exposure found by Buetow and Ratner. The bottom part of Exhibit 4.12 is the same analysis only using the adjusted Rsquared model. Here the International exposure goes away and the style benchmark consists of only three domestic U.S. equity style indexes.
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EXHIBIT 4.12 Style Exposure for Vanguard Strategic Equity Fund (36-Month Rolling Window)



2



Gerald W. Buetow and Hal Ratner, “The Dangers in Using Return Based Style Analysis in Asset Allocation,” Journal of Wealth Management, 3 (Fall 2000), pp. 26– 38.
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Rather than use a large palette of indexes designed to measure any kind of manager, it is preferable to use smaller index palettes designed for speciﬁc asset classes. For domestic equities, I recommend the four Russell style indexes and T-bills. Similarly, I have designed palettes of indexes for straight bonds, convertible bonds, international bonds, international equities, high yield bonds, and the like. If you know what kind of manager you are analyzing, then you simply pick the appropriate palette. You may use a much broader general palette if you know nothing about the manager and want to identify the manager’s asset class. You may also use a broader palette of indexes if your initial analysis has a low R-squared and you suspect that the manager invests in some other asset class. For instance, it is not uncommon for a domestic equity mutual fund to have some foreign stock exposure. Another common mistake in using RBSA is poor index selection. Remember Sharpe’s two simple rules noted above: the selected indexes should be exhaustive and mutually exclusive. Look closely at the indexes used for U.S. equities in Exhibit 4.12: the S&P Barra 500 Growth and 500 Value and the Russell 2000 Growth and 2000 Value. What happened to the roughly 500 stocks in the middle? It’s ironic that the analysis in Exhibit 4.12 eliminated about 500 mid-cap stocks in their palette of indexes, while most of the domestic equity funds they are analyzing are mid-cap funds. For a more complete discussion of these issues, see www.styleadvisor.com/home/research/style_article.pdf.



RBSA’S BIGGEST LIMITATION AND SOME POSSIBLE SOLUTIONS A valid criticism of the standard RBSA used today is that it is slow in detecting manager style changes. If a manager sells a whole portfolio of growth stocks and immediately buys an new portfolio of value stocks, then that change can be detected immediately if we examine the stock holdings. If we’re using RBSA with monthly or quarterly returns, it may take a matter of months to detect this change—perhaps even longer to determine it’s magnitude. Remember that, with a 36-month window, the current month portfolio return only represents 1/36th of the analysis. Two months are 2/36th, and so on. A number of ideas have been proposed and are being used to make RBSA more sensitive to style changes. They range from being very useful, to moderately useful, to what I shall call “nonuseful.” I will start with the moderately useful. A simple way to make RBSA more sensitive is to reduce the window size. The smaller the window the more sensitive the analysis to change but also the more noise is likely to creep into the analysis. I believe that
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20 periods is the minimum window size. So if monthly data is used, you could go from the 36-month window to a 20-month window to make the analysis a bit more sensitive. Another good idea is to use an exponentially weighted window. The standard window gives equal weight to each period. Exponential weighting will give progressively more weight to the more current periods making the analysis more sensitive to recent style changes. How much more weight is determined by what is called the “half life,” the smaller the half-life, the greater the weight on the later periods. We have even developed an expert system whereby the half-life is adjusted over time with the rolling window, in order to provide the highest possible out-of-sample R-squared. Most style analysis software programs today provide an option for exponential weighting. For more discussion of exponential-weighting, see http://www.styleadvisor.com/home/newsletters/ news22.pdf or http://www.styleadvisor.com/home/newsletters/news23.pdf. Now for the “nonuseful” idea. Some have suggested a “centered window” technique, also called “locally weighted regression.” The standard RBSA uses a 36-month window, where we take the last 36 months to determine what the manager’s style has been and predict where it will be in the near future. To try and do the same analysis with a centered window, you take the last 18 months of historical returns and 18 months of future returns. If you could actually do this, you would get a more accurate manager style analysis. But, of course, we cannot do this; because (unless we are clairvoyant) we do not know what the future returns would be for the next 18 months! The most current analysis that I could do today with a 36-month centered window would be 18 months old. Having the style analysis of a manager that is 18 months old is certainly not going to help me determine what the manager’s style has been recently, and certainly no good in predicting what it would be in the near future. The most you can say about the centered window idea is that it might give me a slightly more accurate style analysis for past periods. However, this is the same thing as saying that I have much more accuracy in predicting the past than I do the future! This whole idea seems quite strange. However, there are a some people in the investment industry that attempt to demonstrate (always using historical data) that this technique could have done a better job of identifying style changes. I propose that we ask these folks how they would use a centered window today. Without the ability to predict monthly returns for managers and indexes, it seems impossible.



Solution There is one simple and readily available way to make RBSA almost as sensitive to managers’ style changes as security analysis. It involves the
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use of daily returns for the managers and for the indexes. Instead of using monthly returns with a 36-month rolling window, we can perform RBSA using daily returns with a 90-day window. We put this methodology through a very tough test of detecting sector changes in mutual funds long before they become public information. To do this, we replaced the four Russell style indexes with the set of twelve Prudential sector indexes. We also changed the model to an adjusted R-squared model. Below I describe one of many examples I have studied over the past year. In July 2001, the Wall Street Journal had an article titled, “Mutual Funds Overload on Energy Stocks.”3 They reported on eight mutual funds that had made big bets on energy stocks over the past year. The ﬁrst stock on the list was the Fidelity 50 Fund. By the end of 2000, this fund had over 60% invested in energy stocks. The top half of Exhibit 4.13 does a sector analysis with monthly returns and a rolling 36-month window. The solid black area shows the allocation to energy, whereas the solid white area shows the allocation to technology. EXHIBIT 4.13



3



Style Exposure for Fidelity 50 Fund (36-Month Rolling Window)



“Mutual Funds Overload on Energy Stocks,” Wall Street Journal, July 13, 2000, p. C1.
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On December 31, 2000, Exhibit 4.13 shows the energy allocation to be only 12%, the same period that the Wall Street Journal says is 60%! The bottom half of this exhibit shows the same analysis, only it uses daily returns with a 90-day rolling window. Here the energy allocation on December 31, 2000 was 60%, exactly what the Wall Street Journal reported. We do not always expect this kind of accuracy in terms of identifying the allocation to sectors. What we do expect is an early indication of when a manager makes signiﬁcant style or sector shift. After examining hundreds of such examples I am convinced that the analysis using daily data largely accomplishes this goal. For more discussion of daily style and sector analysis and many more examples, go to www.styleadvisor.com/home/research.html. My present ﬁrm also used daily price returns to monitor the risk of mutual funds on a daily basis. We calculate a 90-day rolling tracking error (standard deviation of excess returns) of each fund relative to the Russell 3000 index. A well-diversiﬁed portfolio will have a relatively low tracking error. A more concentrated portfolio will have a higher tracking error. As managers concentrate their holdings into fewer sectors the tracking error begins to increase. Exhibit 4.14 shows the 90-day rolling tracking error for the Fidelity 50 Fund with the sector analysis shown in the lower half of this exhibit. In 1997 and early 1998, when technology was only about 20% of the portfolio and the portfolio was pretty well diversiﬁed among a number of sectors, the tracking error stayed under 5%. In the fall of 1998, technology bets steadily increased until it went over 60% in the spring of 1999. As this was occurring, the tracking error increased, eventually tripling to 15%. As the technology weighting decreased so did the tracking error. It was below 5% in the fall of 1999. As the allocation to energy increased so did the tracking error, more than doubling to 10% by the summer of 2000 and eventually exceeding 21% by year-end 2000. We can now monitor the daily tracking error changes on over 12,000 mutual funds. A sudden increase would lead us to an examination of the style and sector analysis. Is this practical? It sounds like a lot of work. We collect daily returns on over 1,000 indexes and have a database of daily returns of mutual funds that dates back to 1997. It would be a lot of work if all of this data had to be downloaded daily to each of our end users’ machines. That’s not necessary. With today’s Web technology this data can reside on one server and be produced on thousands of users’ machines with a simple logon. RBSA will become an even more useful and practical tool for the ongoing monitoring of managers’ style with the use of daily data. Some forwardthinking mutual fund investors are using this as a way to monitor the style and risk of their own funds on a daily basis and also to get information on their competitors’ funds long before such information becomes public.
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EXHIBIT 4.14 Daily Tracking Error versus Russell 3000 Benchmark and Style Exposure for Fidelity 50 Fund (90-Day Rolling Window)



CONCLUSION I have found that RBSA continues to grow in popularity as investors continue to recognize the need for style analysis. I think this will continue as returns based style analysis eventually becomes a tool that investors automatically turn to. All of us in the investment profession owe a debt of gratitude to William Sharpe for this simple but brilliant idea.
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More Depth and Breadth than the Style Box: The Morningstar Lens Paul D. Kaplan, Ph.D., CFA Director of Research Morningstar, Inc. James A. Knowles Managing Director York Hedge Fund Strategies Inc. Don Phillips Managing Director Morningstar, Inc.



uestion: What is equity investment style? Answer: (Known to investment consultants for many years): What would you like it to be? Investors often create bad portfolios from good investment funds. A good portfolio is one that is invested and diversiﬁed in a way that matches the investor’s return expectations and risk tolerances, on an ongoing basis. A bad portfolio is one that provides the investor with prospective returns that are not commensurate with the risks that the investor is willing to take. In other words, a bad portfolio is one in
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which portfolio prospective return is too low for the investor’s needs, prospective risk is too high, or portfolio sensitivity to speciﬁc risk factors does not match the investor’s preferences. The investment funds in a portfolio may, individually, have good risk-return characteristics and yet collectively not meet the good portfolio criterion. Equity investment style is a catchall phrase referring to the measurable and manageable attributes that affect the behavior of investments over time. Differences in equity investment style often lead to differences in returns. Thus, in effect, equity investment style and exposure to risk factors are closely related. By extension, equity style measurement is the measurement of exposure to risk factors, and equity style control is the control of risk factor exposure. These are essential elements in the ongoing management of any investment portfolio, and risk management is a key application of the investment style concept. Increasingly, equity fund return comparisons and rankings are peer group-based. To make return comparisons meaningful, the peer group construction process should be designed to ensure that: a) the aggregate performance of different peer groups differs materially over time, and b) the individual funds within a peer group can, in general, be expected to behave more similarly to one another than to funds outside the group. In this context, “different” behavior means some combination of different return patterns and/or different volatilities: these are, to an important degree, a function of risk factor exposure. Thus, knowledge of investment style is also important in peer group construction and the analysis of fund returns. It follows that, conceptually at least, the scope of investment style is much broader than the deﬁnition or measurement of value and growth orientation, which often represents the practical limits of discussion on the topic. Concerning the actual measurement of investment style, there are many theories and few rules. However, perhaps because it seems to work, or because it mirrors processes used by fund managers in selecting securities for their portfolios, style measurement based on the concepts of value orientation and growth orientation has become a de facto standard. Many equity style models assume that a stock can be valueoriented or growth-oriented but not both; a point we discuss in more detail below. However, many other risk factors—hence, elements of investment style—affect the relative returns of securities and funds. A comprehensive approach to investment style analysis therefore needs to encompass a broad range of measurements. Measurements such as security concentration, sector exposure and concentration, style stability and style drift are now widely recognized, if not necessarily applied, in the management of retail and institutional investment accounts.
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Morningstar has disseminated investment style information, based on a value/growth fund classiﬁcation framework, since the early 1990s. Historically, Morningstar’s equity fund style classiﬁcations have been based on direct comparisons of the asset-weighted characteristics of the funds. Thus, a fund with a high average price-to-book value (p/b) ratio and high average price-to-earnings (p/e) ratio would be considered growth-oriented, and a fund with low values for these ratios would be considered valueoriented. The Morningstar Style BoxSM is the familiar 3 × 3-square graphic used to encapsulate the results of equity fund style measurements. The three rows of the Morningstar Style BoxSM represent large-, mid- and small cap funds; and the three columns represent value-oriented funds, growth-oriented funds, and blend funds (which combine value-oriented and growth-oriented characteristics). Recent enhancements to Morningstar’s investment style measurement capabilities include a signiﬁcant updating of the style analysis model for U.S. stocks, and development of a comprehensive framework to integrate stock and fund style analysis. Elements of the new framework apply also to the construction of Morningstar’s U.S. stock indexes. The enhanced stock and fund analysis framework is what Morningstar refers to as the Morningstar LensSM. It provides a uniﬁed and consistent approach to the measurement of investment style, and the use of style-related concepts, in four hitherto related but separate activities: ■ Stock research (making buy, sell, and hold decisions); ■ Fund research (understanding and comparing fund behaviors); ■ Portfolio construction (combining securities and funds efﬁciently to



create a diversiﬁed investment portfolio); and ■ Market monitoring (measuring market behavior using indexes).



All of these activities contribute to planning for, developing and managing a well-diversiﬁed investment portfolio. The Morningstar LensSM is built around ﬁve primary concepts and capabilities, each corresponding to one of the above activities: ■ Morningstar’s recently introduced Ten-Factor model offers a robust



means of accurately assessing the value/growth orientation of individual stocks; ■ Stock sector and cyclicality measures provide information on the responsiveness of individual stocks, and the funds which own them, to broad economic trends;
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■ The Ownership ZoneSM concept represents a powerful new approach



to measuring a fund’s investment style based directly on the styles of the stocks it contains; ■ Complementary funds enable investors to construct diversiﬁed, multifund portfolios with controlled style attributes; and ■ The Morningstar® U.S. stock indexes provide comprehensive, “style controlled” market performance monitoring and, through ETFs and index funds, portfolio construction capabilities.
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LENS COMPONENT #1: MEASURING THE VALUE/GROWTH ORIENTATION OF INDIVIDUAL STOCKS



TE



Morningstar’s ﬁrst investment style model was developed primarily for the purpose of classifying stock funds. It deﬁned three styles within each of three capitalization “bands” (large cap, mid cap, and small cap). Value-oriented funds were those that had a low average price/earnings ratio (p/e) and a low price/book value ratio (p/b). Funds with a high p/e and p/b were considered to be growth-oriented. Funds with intermediate p/e and p/b values (or an intermediate average of these two) were considered to be blend funds. In essence, growth orientation was deﬁned as the absence of a value orientation. However, value orientation and growth orientation, while related, are distinct concepts. This becomes evident when stock growth orientation is measured directly rather than inferred from value orientation. Although value-oriented stocks tend to have weak growth prospects, in some cases they can also be strongly growth-oriented. Similarly, a strong growth orientation usually implies a weak value orientation, but not always. Hence, Morningstar’s recently introduced Ten-Factor model measures stock value orientation and growth orientation separately. It is then possible to determine which orientation is dominant, and to create a “net” value/growth classiﬁcation based on it. This section summarizes key aspects of the Ten-Factor model.



Considerations in Measuring Value/Growth Orientation Investment practitioners use a stock’s value/growth orientation as an aid in stock selection, either to deﬁne the bounds of the universe of stocks that they consider for inclusion in their portfolios, or as a means of choosing one stock in favor of another. Practitioners vary with respect
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to both the variables—the style factors—that they use and the importance they attach to them. Hence, the value/growth orientation of any individual stock, where this is widely agreed, is a matter of consensus opinion rather than one of analytical “correctness.” For Morningstar, which distributes investment information for use by others, the goal and the challenge of style measurement is to assign value/ growth classiﬁcations which investors ﬁnd to be not just plausible, but also useful (i.e., they explain differences in the behavior of individual stocks). Additionally, the classiﬁcations need to be based on a robust, clearly deﬁned and reproducible process. Therefore it is necessary to use value/growth factors that reﬂect the views of leading practitioners, and to combine them using a process which is fundamentally consistent with (although, in general, not identical to) the processes applied by investors. Several key analytical considerations also underlie the factors, weights and classiﬁcation process used in Morningstar’s Ten-Factor value/growth model: ■ The lack of an obvious growth orientation in a stock does not auto-



■



■



■



■



matically imply a value orientation, and so growth and value orientations are measured independently. However, stocks with a strong value orientation will tend to have a weak growth orientation and vice versa. A stock’s separate growth orientation measure should reﬂect the prospective growth rates of key valuation variables such as earnings and cash ﬂow; but it should be independent of the stock’s current price. A stock’s value orientation measure should reﬂect the price investors are willing to pay for some combination of the stock’s prospective earnings, dividends, sales, cash ﬂow and book value. Thus, a value measure should be price-sensitive. No single factor fully captures the growth or value orientation of a stock. The number of factors used should be large enough to give conﬁdence that the most relevant information has been considered, but small enough to limit the complexity of the classiﬁcation process. The Morningstar common stock universe represents approximately 99% of the market capitalization of the U.S. market for actively traded stocks. The distribution of values for individual style factors varies according to the size of the companies whose stocks are being classiﬁed. For instance, the p/e ratio tends to be higher among small cap stocks than large cap stocks. Therefore, value/growth orientation is calculated separately within each of three capitalization groupings (“cap bands”). These are deﬁned as follows: ■ The large cap band includes the largest stocks which, in aggregate, account for 70% of the total capitalization of the Morningstar common stock universe;
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■ The mid cap band includes the next largest stocks which, in



aggregate with those in the large cap band, account for 90% of the total capitalization of the Morningstar common stock universe; and ■ The small cap band includes the next largest stocks which, in aggregate with the large cap and mid cap bands, account for 97% of the total capitalization of the Morningstar common stock universe.1 ■ There is no absolute standard against which the results of any value/ growth classiﬁcation process can be judged. Morningstar’s model results were compared to the stock classiﬁcations provided by Morningstar analysts in judging the appropriateness of classiﬁcation variables and weights. ■ Stocks change their characteristics constantly, and it is necessary to evaluate stocks at least twice annually to ensure that signiﬁcant variations are captured. However, over any 6-month period, the majority of stocks remain constant in their overall value/growth orientation.



The Ten Factors When combined using the weights indicated (see Exhibit 5.1), individual stock scores for each of the following factors provide: a) net value/ growth classiﬁcations consistent with the views of independent stock analysts, b) a negative correlation between stocks’ separate value and growth orientation scores, and c) stability in value/growth classiﬁcation results over time. Note that stock scores are calculated separately within the large cap, mid cap, and small cap bands.



Calculating Value and Growth Scores for Each Stock A score is calculated for each stock, for each of the ten factors. For a given “subject” stock and factor, the score is based on the percentage of total sample ﬂoat within the stock’s cap band that has a value, for that factor, that is equal to or less than that of the subject stock.2 The scores 1



The stocks that constitute the remaining 3% of the Morningstar common stock universe are considered micro-cap stocks. The value/growth orientation of micro-cap stocks is determined using parameters based on the characteristics of small cap stocks. Micro-cap stocks appear in the small cap row of the Style BoxSM but are not included in Morningstar’s small cap indexes. 2 Float is defined for this purpose as the number of shares issued and outstanding, less company cross-holdings and government-held blocks of 5% or more of issued and outstanding shares, less restricted shares, less any other noninstitutional share blocks, such as blocks held by trusts or foundations, which exceed 5% of issued and outstanding shares and which are considered unlikely to trade in the next six months.
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represent each stock’s location on the value-core-growth (“VCG”) spectrum, and are calculated as follows: ■ Order all stocks in the same cap band by their values for the subject



factor. ■ Calculate the ﬂoat-weighted “trimmed mean” factor value for all



stocks in the cap band—where the upper and lower 5% of the ﬂoat is trimmed before the average is calculated. ■ Assign each stock to a “bucket:” 1. if the stock’s factor value is equal to or less than trimmed mean (“the lower threshold”), the stock is “low” bucket; or 2. if the stock’s factor value is equal to or less than the the stock is assigned to the “mid-minus” bucket; or 3. if the stock’s factor value is equal to or less than trimmed mean (“the upper threshold”), the stock is “mid-plus” bucket; otherwise, 4. the stock is assigned to the “high” bucket. EXHIBIT 5.1



0.75 times the assigned to the trimmed mean, 1.25 times the assigned to the



Ten-Factor Model Factors and Weights



Value Score Factors and Weights* Forward looking factors Price-to-projected earnings Historical based factors Price-to-book Price-to-sales Price-to-cash ﬂow Dividend yield



50.0% 50.0% 12.5% 12.5% 12.5% 12.5%



Growth Score Factors and Weights Forward looking factors Long-term projected earnings growth Historical based factors Historical earnings growth Sales growth Cash ﬂow growth Book value growth



50.0% 50.0% 12.5% 12.5% 12.5% 12.5%



*Note: In applying the Ten-Factor Model, value factors are converted to yield form; i.e., with price in the denominator of the fraction.
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Stock scores within each bucket are scaled as follows: Bucket Low MidMid+ High



Minimum Score



Maximum Score



0 33.33 50.00 66.67



33.33 50.00 66.67 100



When ﬁve individual value scores and ﬁve growth scores have been calculated for each stock, overall growth and value orientation scores are calculated by weighting the individual scores as indicated above. By definition, both the overall value score and the overall growth score for each stock will fall between 0 and 100. Although both the “mid-minus” and the “mid-plus” buckets result in scores that are consistent with a core VCG assignment for a stock, scores below the trimmed mean are separated from those above the trimmed mean to show that the former are closer to the value end of the VCG spectrum while the latter tend towards the growth end of the VCG spectrum.



Determining the Net Value/Growth Orientation The net value/growth orientation is determined for each stock as follows: ■ Each stock’s overall value orientation score is subtracted from its over-



all growth orientation score; ■ A stock is deemed to be growth-oriented if its net value/growth orienta-



tion score equals or exceeds the “growth threshold amount” (see below); ■ A stock is deemed to be value-oriented if its net value/growth orientation score equals or falls below the “value threshold amount” (see below); and ■ A stock is deemed to be core in style if its net value/growth orientation score lies between the two threshold amounts.



Calculating Threshold Amounts Value-oriented stocks, growth-oriented stocks and core stocks are each assumed, on average over time, to account for one-third of the total ﬂoat of a given cap band. Moreover, at any given month-end, threshold values can be calculated such that value, core and growth stocks would each represent exactly one-third of the total ﬂoat of the cap band at that time. Thus, there is a time series of notional threshold values that would maintain equal weights on a constant basis.
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The actual threshold values used at any given month-end are the average of the notional threshold values for that month-end and for the month-ends 6, 12, 18, 24 and 30 months prior to it. This provides for an even distribution of stock-type weights over time but, at any given date, the weight for a particular stock type may be higher or lower than one-third in response to current market conditions.



BENEFITS OF THE TEN-FACTOR MODEL Clear Value/Growth Orientation Distinctions Stocks which lack a dominant value/growth orientation cannot be unambiguously classiﬁed as being value-oriented or growth-oriented. At the time of writing, these include familiar names such as General Electric, Citigroup, Walmart and IBM. Morningstar classiﬁes such stocks as having a core orientation. In general there are similar numbers of core stocks, value-oriented stocks and growth-oriented stocks.



Adaptability to Changing Market Conditions Over time the number of stocks falling “naturally” (i.e., by consensus) into each cap band changes. In the Morningstar LensSM framework, breakpoints between cap bands are based on the percentage of total market capitalization represented by each band. The breakpoints vary therefore as the average stock size and the distribution of stock sizes change.



A Broad View of Value and Growth Characteristics Value and growth are not unambiguous concepts with clearly deﬁned measures. Stock analysts, portfolio managers, and index providers look at a variety of factors when assessing the value/growth orientation of a stock. Moreover, the importance attached to each measure varies over time. The use of two sets of value/growth factors, each containing ﬁve widely used measures, stems from the view that value/growth measurement is a problem in signal extraction. Information from each of the value factors also includes “noise.” Rescaling and combining the factors means the noise components cancel out to some extent, leaving a purer measure of value than is provided if the factors are viewed separately. The same applies to the growth rates and the resulting growth measure.
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Value/Growth Orientation Measurement and Data Availability For obvious reasons it is useful to calculate a value/growth orientation for as many stocks as possible. However, in some cases, one or more stock data points may be missing. In other cases, the data are present but cannot be used: for example, if the earnings of a company are negative in a particular year, it is not possible to calculate a meaningful earnings growth rate for that company for any period that begins or ends in that year. The Ten-Factor model uses rates from several overlapping periods to estimate prospective growth. As long as at least one of the growth rates that compose the “ideal” average statistic is available, a useful estimate can be calculated. Even with ﬂexible data requirements for the ﬁve value and ﬁve growth measures, it is not feasible to calculate all ten measures for all stocks. However, because each of the factors is treated as a separate indicator of value or growth orientation, and because they are scaled in a consistent manner, the Ten-Factor model simply uses as many as are available to calculate value and growth scores for each stock. As a result, nearly all domestic stocks in the Morningstar database can be style-classiﬁed.3



Style BoxSM Sizes Which Reﬂect Changing Market Conditions Rather than setting value, core, and growth stocks to be a ﬁxed percentage of the total cap band, the Ten-Factor model allows the relative sizes of each stock type to change over time, reﬂecting changes in the stock market as a whole. Thus, for instance, when the proportion of large cap growth stocks in the stock market increases, the weight of the growth square will, in general, become larger as a percentage of the large cap band. However, to avoid any of the Style BoxSM squares becoming dominant or trivial, the thresholds between value and core and between core and growth are adjusted semi-annually so that on average, over any threeyear period, each square represents one-third of the relevant cap band.



PRESENTING STOCK VALUE/GROWTH ORIENTATION The Ten-Factor model summarizes stock value/growth information as a single quantity; this makes simple tabular presentation of the results straightforward. However, the results can also be presented graphically to depict individual stocks or to simplify comparisons among large 3



Almost all large- mid- and small cap stocks are style classified (approximately 2,000 stocks). Of the remaining 5,000 (micro-cap) stocks, style measures are available for about 90%.
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numbers of stocks. This section describes Morningstar’s nine-square Style BoxSM as a “style grid.” The style grid represents each stock as a point plotted on a horizontal value/growth axis and a vertical capitalization axis; the capitalization axis has a logarithmic scale. Because company size is measured on a logarithmic scale, there is no upper or lower size limit for stocks. Value/ growth scores for individual stocks are also unbounded at both the upper and lower ends. Therefore, individual stock scores are scaled to simplify interpretation of the grid plot. As a rule of thumb, stocks that have the same value/growth score but are at opposite ends of the mid cap size range can be viewed as being just as different from one another as are stocks that are the same in size but, on the value/growth axis, are at opposite ends of the mid cap “core” box. In effect, Morningstar uses the size of the center square in the grid as its basis of comparison between the logarithm of market capitalization and the style orientation score.



INTERPRETING VALUE/GROWTH ORIENTATION SCORES For many applications, an overall value/growth orientation score is all the information about a stock that is needed by investors. In other cases though it is useful to look in more detail at how the stock’s value/growth orientation is derived. This section describes ways in which more detailed information from the Ten-Factor model can be interpreted.



Looking at Value and Growth Scores Separately By deﬁnition, growth stocks are those whose growth characteristics dominate their value characteristics. However, this does not mean that a given growth stock lacks any value characteristics or even, necessarily, that its value orientation is weak. In fact it is possible that a given growth stock may have stronger value characteristics—hence a higher value score—than some securities that are classiﬁed as value stocks. Hence, it can also be useful to consider stocks’ value and growth orientation scores individually. Exhibit 5.2 shows the distribution of value and growth orientation scores for U.S. large cap stocks at December 31, 2001. Note that: ■ Most stocks cluster around the top-left to bottom-right diagonal of the



scatter plot, indicating that there is a negative correlation between value scores and growth scores.



142



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



EXHIBIT 5.2



Large Cap Stocks: Value Scores versus Growth Scores



Source: Morningstar, Inc. ■ The negative correlation between value and growth orientation scores



implies that certain combinations of value and growth orientation scores tend to arise commonly. These are: (1) a high value orientation score combined with a low growth orientation score (value stocks, on the top left of the scatter plot); (2) a moderate value orientation score combined with a moderate growth orientation score (core stocks, in the center of the scatter plot), and (3) a low value orientation score combined with a high growth orientation score (growth stocks, on the bottom right of the scatter plot).



Looking At Individual Value/Growth Factor Scores Different practitioners attach different degrees of importance to individual value/growth factors. At any given time, some of the ten factors may be trending “up” while others are trending “down.” Even for a single analyst, individual factors will vary in their importance as overall stock market characteristics or broad economic trends change. And, while an individual stock might have a consistently strong growth orientation and a weak value orientation, it would still be unusual for all ten factors to be consistent at a single point in time, still less over time. For these and other reasons it can be useful to consider a stock’s value/growth orientation on a factor-by-factor basis. An understanding of which factors contributed most (or least) to a stock’s overall value/growth orientation provides insights into the sometimes subtle differences among
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stocks within the same square of the Style BoxSM. Hence, knowledge of individual factor scores can also aid in stock picking and portfolio construction, as well as in understanding the nature of investment funds. An evaluation of individual value/growth factor scores needs to address several issues: ■ What is the stock’s current value for each factor, and how does it com-



pare to those of other stocks? ■ Which factors have contributed most to the stock’s current Style BoxSM location? Which ones have had little effect? Are any factors inconsistent with the overall classiﬁcation? ■ Is there a trend in the value of any individual factors? For instance, does the stock seem to be moving from value towards core? ■ Overall, how robust is the stock’s value/growth classiﬁcation? At any single point in time, evaluating individual value/growth factor scores for a single stock is straightforward. Since every stock is assigned a value between 0 and 100 for each of the ten factors, it is necessary only to know the 10 scores to understand a stock’s characteristics, relative to those of its size peers. Exhibits 5.3 and 5.4 summarize the individual style factor scores for Microsoft. Overall, Microsoft is a growth stock, with a value factor score of 23.86 (i.e., a low value-orientation score) and a high growth factor score of 73.05. Growth factor scores above 66.67 and value factor scores below 33.33 tend to conﬁrm Microsoft’s growth stock assignment, while scores below 66.67 and above 33.33 respectively move Microsoft towards a core or value assignment. Therefore, relative scores are calculated as follows: ■ for growth factors: Microsoft’s actual score minus 66.67 ■ for value factors: 33.33 minus Microsoft’s actual score.



EXHIBIT 5.3



Value Factor Scores as of December 31, 2001 for Microsoft



Factor Price to Earnings Price to Book Value Price to Sales Price to Cash Flow Dividend Yield Overall Value Score



Weight 50.0% 12.5% 12.5% 12.5% 12.5% 100%



Actual Score



Relative Score



Contribution



29.7 31.9 5.0 25.4 9.8 23.86



3.63 1.43 28.33 7.93 23.53



1.82 0.18 3.54 0.99 2.94 9.47
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Growth Factor Scores at December 31, 2001 for Microsoft



Factor



Weight



66.4 88.0 66.7 73.2 90.9 73.05



–0.27 21.33 0.03 6.53 24.23



Contribution –0.135 2.67 0.004 0.82 3.03 6.39



Value Factor Impacts on Microsoft Classiﬁcation



TE



EXHIBIT 5.5



50.0% 12.5% 12.5% 12.5% 12.5% 100%



Relative Score
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Long-Term Earnings Growth Historical Earnings Growth Sales Growth Cash Flow Growth Book Value Growth Overall Growth Score



Actual Score



Source: Morningstar, Inc.



The weighted-relative score measures the contribution of that factor to Microsoft’s overall classiﬁcation. Looking at Exhibits 5.5 and 5.6 we see that: ■ As measured by the weighted relative factor score, nine of the ten indi-



vidual factors contributed positively to Microsoft’s growth stock classiﬁcation; ■ Microsoft’s projected long-term earnings growth score fell in the core stock range and therefore was inconsistent with Microsoft’s overall style classiﬁcation; and ■ Although the price-to-earnings ratio (on the value side) and projected long-term earnings growth (on the growth side) are the two most heavily weighted factors, their actual contributions to Microsoft’s ﬁnal classiﬁcation were small.
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Microsoft’s individual factor scores can also be evaluated by comparing them to those of other growth stocks. Exhibit 5.7 shows Microsoft’s projected long-term earnings growth rate relative to projected long-term earnings growth rates among large cap stocks generally: EXHIBIT 5.6



Growth Factor Impacts on Microsoft Classiﬁcation



Source: Morningstar, Inc.



EXHIBIT 5.7



Projected Long-Term Earnings Growth Rates, Large Cap Stocks



Source: Morningstar, Inc.
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History of Growth Style Factor Scores, Microsoft



Source: Morningstar, Inc.



Finally, the trend of Microsoft’s style factors can also be revealing. For instance, Exhibit 5.8 plots Microsoft’s growth factor scores over the past ﬁve years. Note that, while Microsoft’s factor scores have consistently been those of a growth-oriented stock, the strength of the growth orientation has decreased in recent years from a weighted-average score of over 90 to the current value of 73. The decline in scores that occurred during ﬁscal 2000 was followed by a rebound in historical earnings and cash ﬂow growth; however, projected long-term earnings growth estimates have stabilized at lower levels than those seen in 1997–1998. This indicates analyst uncertainty, at the time of measurement, as to whether Microsoft’s recovery in earnings growth is sustainable relative to that of other high-growth stocks.



LENS COMPONENT #2: SECTORS, CYCLICALITY, GEOGRAPHY, AND STOCK POPULARITY Sectors and Cyclicality To some degree the “good fund/bad portfolio” problem is attributable to a lack of attention paid to the value/growth orientation and capitalization of the stocks in the portfolio. But another style characteristic that is sometimes disregarded is industry or sector exposure; along with this comes the potential for a portfolio which reacts in unanticipated or
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unwanted ways to broad economic cycles. An obvious example arose during the technology stock boom of 1998–2000 where even those investors who kept their technology exposure in check failed in many cases to recognize their combined exposure to technology, media, and telecom, although the latter two industries were also heavily affected by dotcom euphoria. Cyclicality is the tendency of a stock or an industry to gain or lose in earnings in conjunction with movements of the economy as whole. (There may be related cyclical behavior in share price.) Companies that provide fundamental goods and services such as food, health services, or home heating usually have low cyclicality ratings. Companies that manufacture executive jets, sell holiday packages, or build new housing generally have high cyclicality ratings. A few companies have cycles that tend to run in the opposite direction of broad economic cycles: for instance, an increase in oil prices tends to increase oil company proﬁts but decrease consumer spending on other things. Such companies are often called “counter-cyclicals.” As is the case with value/growth orientation, an understanding of fund or portfolio sector and cyclicality characteristics must begin with an understanding of individual stock characteristics. And, like other fund characteristics, fund cyclicality is most accurately measured by observation of fund holdings information rather than inferred from the fund’s historical performance. In Morningstar’s sector classiﬁcation scheme, each stock is assigned to a primary industry that comprises multiple companies providing similar and competing products or services. An industry group is a set of closely related industries, and a sector is an aggregation of industry groups. Finally, an economic sphere is a group of sectors that are active in broadly deﬁned common areas of economic activity. Exhibit 5.9 shows the 12 sectors used by Morningstar; within these there are 128 industries and 40 industry groups. For example, International Banks, Regional Banks, and Super Regional Banks are three industries that collectively represent the Banks industry group. Banks, Finance, Insurance, and Real Estate are four industry groups that collectively make up the Financial Services sector. The cyclicality of companies in the same industry tends to be similar. However, the same cannot necessarily be said of industries in the same sector. For instance, the Consumer Goods Sector contains both Auto Makers, a highly cyclical industry, and Tobacco, an industry quite insensitive to economic cycles. Economic spheres (Information, Services and Manufacturing) represent the fundamental nature of the sectors and industries they contain. Effective portfolio diversiﬁcation usually requires management of portfolio exposures to both economic spheres and to sectors or even industries.
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Morningstar Sectors



Source: Morningstar, Inc.



EXHIBIT 5.10



Economic Sphere Diversiﬁcation



Source: Morningstar, Inc.



Exhibit 5.10 shows sphere breakdowns for a value-oriented portfolio comprising several individual value funds. It also shows value funds that may or may not provide additional “sphere diversiﬁcation” if added to the portfolio. In practice, sphere diversiﬁcation should be measured relative to the performance benchmark of the fund.



Geographic Exposure as an Element of Style Like sector and cyclicality exposure, geographic exposure can have unanticipated effects on portfolio behavior unless monitored and controlled. Although some industry sectors are international in scope and tend to move independently of individual country or regional economies—telecommunications being a current example—country and regional effects can be quite pronounced.
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Geographic Diversiﬁcation



Source: Morningstar, Inc.



While some investors are willing or even prefer to stay within their own borders, geographic diversiﬁcation is increasingly used as a risk management tool. Consequently, investors are very conscious of their geographical allocations. Exhibit 5.11 is an example of how geographic diversity among individual stock positions can be monitored at the fund level.



Stock Popularity as an Element of Style Stock popularity refers to the distinction between stocks that are widely held and those held by only a few funds or investors. Holding uncommon securities may mean a fund is uncovering “hidden gems,” but it may also entail liquidity or pricing problems. Small cap stocks are inherently less widely held, on average, than large cap stocks. Exhibit 5.12 compares two mid cap growth funds. 96% of the Monetta fund’s equity assets are invested in securities held by at least 200 funds. In contrast, the Van Wagoner Emerging Growth fund has 29% of its assets in securities held by fewer than 50 funds, and a further 52% in securities held by 50-199 funds. Less than 20% is invested in widely held stocks. Exhibit 5.13 compares two technology funds. The Scudder Technology Fund invests primarily in widely held NASDAQ 100 stocks, whereas the Firsthand Technology Fund buys emerging technology stocks.
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Stock Popularity as a Style Factor (1)



Source: Morningstar, Inc.



EXHIBIT 5.13



Stock Popularity as a Style Factor (2)



Source: Morningstar, Inc.



LENS COMPONENT #3: MEASURING FUND STYLE A primary objective of the Morningstar LensSM is to ensure a consistent approach to stock style analysis, fund and portfolio style analysis, and style index construction. The key to consistency lies in taking a bottomup—that is, a stock-oriented—approach to style analysis. A fund or portfolio is just an aggregation of individual securities. Once individual stocks have been classiﬁed respecting style factors such as company size, value/growth orientation, industry and sector, cyclicality and fund popularity, any stock fund or portfolio can in turn be classiﬁed based on a simple asset-weighted average of the style scores of its constituent stocks. In addition to classifying stocks, Morningstar carries out two types of fund classiﬁcation. Style BoxSM locations are assigned monthly, based on the latest available fund information. This is important in understanding the recent behavior and current risk exposures of a fund. Fund categorization occurs semi-annually and is based on measurement of the fund’s style characteristics over an extended period. Peer group assignments are based on the fund’s category classiﬁcation.



The Ownership ZoneSM Concept Because an averaging process implies a single, unambiguous fund style, the stock size and value/growth orientation of a fund can be depicted as
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occupying a single square on the familiar nine-square Style BoxSM. However, while two funds with similar average scores for size and value/growth orientation may be located in the same Style BoxSM square, they will often incorporate quite different securities. This distinction is important. We would expect a fund that holds mainly large cap growth stocks, but also has substantial holdings of mid cap value stocks, to behave differently from a fund that holds only large cap growth stocks. Yet both might be classiﬁed as large cap growth funds. Many types of style-related information, in addition to average stock size or average value/growth orientation, can be derived from careful scrutiny of a fund’s contents. Much can be learned, for instance, by looking at the distribution of the fund’s holdings on the style grid. Exhibit 5.14 shows the nine-square stock style grid. Each stock in the fund is plotted on the grid based on its market capitalization and value/ growth orientation. The asset-weighted average of the fund’s characteristics is the “fund centroid” (a term we shall use again later in the chapter), and the elliptical ﬁgure shows the range of stock characteristics of the largest positions that collectively account for 70 percent of the fund’s stock assets. Morningstar calls the elliptical ﬁgure the Ownership ZoneSM of the fund. EXHIBIT 5.14



Ownership ZoneSM of a Mid Cap Growth Fund



Source: Morningstar, Inc.
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Applications of the Ownership ZoneSM The Ownership ZoneSM concept can be used to evaluate a fund from many different perspectives. For example: ■ The average position of a fund’s centroid over a period of time is used



to assign diversiﬁed domestic equity funds to one of the nine Morningstar fund categories that are designed for these types of funds.4 This in turn determines the peer group to which the fund is compared in the calculation of the Morningstar Rating™. ■ The size of the Ownership ZoneSM, and the distribution of points within it, give an indication of the degree of style dispersion of a fund. ■ The variability, over time, of the location of a fund’s centroid provides a measure of style consistency. ■ Differences in the shape and location of their ownership zones can be used to measure the complementarity of funds being considered in the construction of an investment portfolio.



Classifying Funds Using Centroids Just as stocks can be plotted on a stock style grid, fund centroids can also be plotted on a style grid. Like the stock style grid, the fund style grid includes nine squares; and six of these are value or growth squares. The remaining three squares, however, are not core squares (as in the stock style grid) but rather blend squares. While it is tempting to conclude that any fund whose centroid falls within the core square must be a blend fund, in practice this is not so. Few funds contain only stocks from the extremes of the value/ growth spectrum. In addition, value and growth managers often hold core stocks for diversiﬁcation, stock picking or other reasons. As a result, fund centroids show less overall value/growth variation than do individual stocks. That is, they tend to concentrate near the middle of the value/growth spectrum, whereas stocks fall more evenly across the entire spectrum. Accordingly, the fund style grid represents a smaller range of value/growth scores than does the stock style grid. A practical consequence is that a fund whose centroid falls in the core stock square may be a value fund or a growth fund. Exhibit 5.15 depicts the relationship between the fund style grid and the stock style grid. A fund’s centroid can be located on the fund style grid as of any date for which recent holdings data are available. This location determines its Style BoxSM assignment. However, in categoriz4



Additional categories exist for sector and other specialty funds, fixed income funds, balanced funds and others.
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ing a fund for performance comparisons, allowance must be made for the fact that its characteristics change over time. Thus, the categorization process must reﬂect the fund’s characteristics over an extended period. Morningstar evaluates the location of the fund centroid over a 36month sampling period. The fund’s category will change if the fund is clearly changing in style but, in general, natural style drift will not cause a reclassiﬁcation. Hence, fund category classiﬁcations tend to be stable.



Combining Size and Value/Growth Distributions to Create an Overall Dispersion Measure Funds vary widely in their degree of dispersion on the size and value/ growth axes of the stock style grid. The amount of dispersion is inversely proportional to the degree of concentration in the fund’s value/ growth orientation and stock size. Morningstar uses an overall dispersion measure, essentially describing the “size” of the fund’s ownership zone and the distribution of points within it. EXHIBIT 5.15



The Fund Style Grid vs. the Stock Style Grid



Source: Morningstar, Inc.
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There is nothing inherently good or bad in a particular degree of style dispersion. A low dispersion value might reﬂect a tightly disciplined approach to stock picking in a style-speciﬁc fund; or it might represent inadequate diversiﬁcation in a blend fund. Interpretation of the style dispersion statistic requires knowledge of the fund’s investment objectives, and a clear understanding of the fund’s potential role in the management of a multi-fund portfolio.
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LENS COMPONENT #4: IDENTIFYING COMPLEMENTARY INVESTMENTS



TE



Assume that an investor has established a benchmark portfolio, which represents an ideal combination (from that investor’s perspective) of expected return and risk factor exposures. Assume also that the investor’s existing multifund portfolio differs from the benchmark in some respects. A fully complementary investment is one that, when combined with the existing portfolio, results in a new portfolio that has the style factor exposures of the benchmark. This concept is central to the construction of a stylecontrolled portfolio; and the ability to monitor portfolio diversiﬁcation using the Ownership ZoneSM concept and other style analysis tools is an important beneﬁt of the Morningstar LensSM. However, stock and fund styles vary over time. Hence, in addition to monitoring their style factor exposures regularly, investors must consider the style consistency of the component funds when constructing and managing a portfolio. Suppose that an advisor recommends a large cap growth fund, but wants the client’s overall equity portfolio to reﬂect the broad market. The ellipse in the left-hand part of Exhibit 5.16 shows the style characteristics of a separate investment that, if held in the right proportion with the fund shown on the right-hand side of the ﬁgure, would provide an overall portfolio that is similar to the broad market. Such a complementary portfolio could be found for any number or combination of recommended funds.



LENS COMPONENT #5: STYLE-BASED MARKET INDEXES Understanding the styles of stocks (and the funds that buy them) is important in managing a diversiﬁed portfolio. However, as necessary as this understanding might be, it is not sufﬁcient. Effective portfolio management also requires knowledge of the ongoing return effects of different style exposures. When this is known, it is possible to understand why a portfolio behaves the way it does.
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Ownership Zones Fund and Complementary Portfolio



Source: Morningstar, Inc.



Structure of the Morningstar Indexes The Morningstar market indexes represent the return and risk characteristics of some 2,000 stocks, accounting for approximately 97% of the total capitalization of Morningstar’s U.S. common equity universe. In total, there are 16 Morningstar U.S. stock indexes (see Exhibit 5.17): ■ Morningstar U.S. Market IndexSM (a broad market index).



Three indexes based on stock type and encompassing all cap bands: ■ Morningstar Total Value IndexSM (includes all large-, mid- and small-



cap value-oriented stocks); ■ Morningstar Total Core IndexSM (includes all large-, mid- and small-



cap core stocks); and ■ Morningstar Total Growth IndexSM (includes all large-, mid- and small-cap growth-oriented stocks). Three indexes based on cap band and encompassing all stock types: ■ Morningstar Large Cap IndexSM (includes all value-oriented, core and



growth-oriented large cap stocks);
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Structure of the Morningstar Indexes



Source: Morningstar Inc. ■ Morningstar Mid Cap Index



SM



(includes all value-oriented, core and growth-oriented mid cap stocks); and ■ Morningstar Small Cap IndexSM (includes all value-oriented, core and growth-oriented small cap stocks).



Nine indexes (“the VCG indexes”) based on a combination of cap band and stock type: ■ Morningstar Large Value IndexSM ■ Morningstar Large Core IndexSM ■ Morningstar Large Growth IndexSM ■ Morningstar Mid Value IndexSM ■ Morningstar Mid Core IndexSM ■ Morningstar Mid Growth Index



SM



■ Morningstar Small Value IndexSM ■ Morningstar Small Core Index



SM



■ Morningstar Small Growth IndexSM.



Each Morningstar U.S. Market IndexSM constituent stock belongs to one and only one VCG index. The relative sizes of the VCG indexes vary over time but, on average, each represents one-third of the total free ﬂoat value of the associated capitalization index.
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Applications of the Morningstar Indexes The Morningstar indexes are designed to represent accurately the return and risk behavior of U.S. common stocks with different style attributes. By deﬁnition, the different funds/ETFs are fully complementary, as each occupies the entirety of a style square, without underlaps or overlaps with its neighbors. Therefore, when these are used as portfolio components, investors can create and manage portfolios with very tightly controlled value-core-growth exposures. For instance, a combination of large cap growth, mid cap blend, and small cap value orientations would capture the top right/bottom left diagonal of the fund grid.



INVESTMENT STYLE AND PORTFOLIO CONSTRUCTION We now have the building blocks for a comprehensive portfolio construction and monitoring process. The building blocks are: ■ ■ ■ ■



Stock style information Fund style information Portfolio style information Stock return and return volatility monitoring.



From these it is possible to: 1. Construct a portfolio with known and speciﬁc style characteristics, hence risk factor exposures; 2. Monitor how the behavior of the portfolio is affected, over time, by value/growth orientation, by company size, by geographic orientation and other style characteristics; 3. Evaluate the degree to which portfolio behavior is affected by factors unrelated to investment style; and 4. Manage the portfolio so that it continues to match the investor’s needs and preferences on an ongoing basis.



CONCLUSION This chapter has presented a new approach to equity style analysis and classiﬁcation, the Morningstar LensSM. It is hoped that analysts and investors will ﬁnd it a useful tool in their efforts to build, manage and analyze equity portfolios, and achieve their investment objectives.
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Using Portfolio Holdings to Improve the Search for Skill Ronald J. Surz President PPCA, Inc.



hile it can be argued that the topic of equity style has become a key element of modern investment analysis, I contend that the majority of today’s investors have yet to fully appreciate the importance of equity investment style. Moreover, many of those who have reached this point do not yet understand the complementary roles that can be played by returns-based and holdings-based equity style analysis. Because both approaches make important and meaningful contributions to our knowledge about the ways equity performance is achieved, they should not be regarded as mutually exclusive competitors. In this chapter, I examine and contrast returns-based style analysis and holdings-based style analysis, making a distinction between equity style analysis and performance attribution analysis. This is followed by a discussion of the way attribution analysis, properly conducted against a customized equity style benchmark, answers the all-important question: Is it skill or is it luck? Finally, I take a look at the characteristics of good style indexes and the future of equity style analysis.



W



KEY DEFINITIONS I begin with a few deﬁnitions. Some of the following terms are occasionally confused with one another, and I intend to be precise in our use of these terms in the following discussion:
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■ Style indexes are collections of stocks that are considered to be repre-



sentative of investment styles, such as large growth or small value. ■ Style analysis is the classification of an investment portfolio into one or



more styles, generally corresponding to some set of style indexes. ■ Returns-based style analysis (RBSA) uses return history and optimiza-



tion analysis to determine the blend of styles that most closely emulates the behavior of the investment portfolio. ■ Holdings-based style analysis (HBSA) classifies the individual stocks in the portfolio into styles so that the portfolio is classified by its composition. Some holdings-based approaches use stock characteristics, or factors, and the aggregation of these characteristics at the portfolio level to determine portfolio style. The focus in this chapter is the classification of the stocks themselves. ■ Performance evaluation is a judgment as to whether performance is good or bad. It is best conducted against a style benchmark determined through style analysis. ■ Performance attribution identifies the reasons performance is good or bad. Like performance evaluation, it is best conducted within a custom style framework determined through style analysis.



EQUITY STYLE ANALYSIS Before equity style indexes were aggressively developed in the early 1990s, normal portfolio benchmarks (which are customized blends of stocks) were widely accepted and supported by investment professionals. Normal portfolios establish the return that should be expected from an investment manager’s unique approach to investing. Despite broad acceptance of this idea, it turned out that normal portfolios are very difﬁcult and expensive to construct, and only a few consulting ﬁrms are good at it. Almost everyone would agree that a custom portfolio is a better benchmark than an off-theshelf index, but very few actually use such custom portfolio benchmarks. Today, normal portfolios are sometimes called “designer benchmarks.” Equity style indexes were ﬁrst introduced as an approximation to designer benchmarks. While style indexes are an improvement over broad market indexes as performance benchmarks, they still leave much of the benchmark problem unsolved. Performance evaluators have discovered that most managers are more fairly benchmarked against their style than against a broad index, but they are also ﬁnding that style-related factors still account for the majority of the differences between a speciﬁc manager’s return and that of the selected style benchmark. For example, when value is in favor, deep value does better than relative value. Furthermore, ﬁrms such
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as Mobius Group and Prudential have researched the style benchmarks of various vendors and documented signiﬁcant differences among the indexes as the result of each vendor’s unique classiﬁcation approach. Consequently, it is not uncommon for a manager’s performance to win against a Russell index and lose against a comparable Wilshire index. Designer benchmarks really are better than off-the-shelf indexes, including style indexes. The difﬁculty of determining the right mix of stocks with the right weightings is the reason normal portfolios are so hard to construct. It requires very sophisticated black boxes. But what if most of a manager’s essence could be captured with building blocks that are bigger than individual stocks? What if style indexes could be blended to create reasonably good custom benchmarks? This alternative to custom benchmarks is called equity style analysis. Although it is somewhat less precise, style analysis is easily constructed and, if done properly, reasonably accurate. One form of style analysis is returnsbased style analysis (RBSA). RBSA uses a constrained quadratic optimization to determine the combination of indexes that best tracks the manager’s performance. The interpretation of the “ﬁt” is that the manager is employing this “effective” style mix because performance could be approximately replicated with this passive blend. RBSA is more fully described in Chapters 1, 2, 3, 4, and 19 of this book. Another approach, called holdings-based style analysis (HBSA), examines the stocks actually held in the investment portfolio and maps these into styles at points in time. Once a sufﬁcient history of these holdingsbased snapshots is developed, an estimate of the manager’s average style proﬁle can be developed and used as the custom benchmark. Note that HBSA, like normal portfolios, starts at the individual security level and that both normal portfolios and holdings-based style analysis examine the history of holdings. The departure occurs at the blending. Normal portfolios blend stocks to create a portfolio proﬁle that is consistent with investment philosophy, whereas HBSA makes an inference from the pattern of point-in-time style proﬁles and translates the investment philosophy into style. HBSA is more fully described in Chapters 2, 3, and 5 of this book. Experience with equity style analysis shows that most managers employ some blend of styles so that, generally speaking, no single offthe-shelf style index is appropriate. The style proﬁles produced by style analysis can be viewed as a “poor man’s normal.” It is not as robust as a carefully constructed custom benchmark, but generally far better than picking a single generic equity style index. The manager’s benchmark is a custom style proﬁle. The choice between RBSA and HBSA is complicated and involves several considerations. Although RBSA has gained popularity, this does not necessarily mean that it is the best choice. The major trade-off between the
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two approaches is ease of use versus accuracy and ease of understanding. RBSA has become a commodity that is quickly available and operated with a few point-and-clicks. Some Web sites offer free RBSA for a wide range of investment ﬁrms and products. Find the product, click on it, and out comes a style proﬁle. Offsetting this ease of use is the potential for error. RBSA uses sophisticated optimization analysis to do its job. As in any data-based process, data problems can go undetected and unrecognized, leading to faulty inferences. One such problem is multicollinearity, which exists when the style indexes used are highly correlated. Multicollinearity can invalidate the analysis and produce spurious results. The user of RBSA is required to trust the “black box” because the optimization cannot explain why that particular blend is the best solution. Contrast this with HBSA, where the analyst can both observe the classiﬁcation of every stock in the portfolio as well as question these classiﬁcations. This results in total transparency and understanding, but at a cost in additional operational complexity. HBSA requires more information than RBSA; that is, it needs individual security holdings at various points in time, rather than returns. Since these holdings are generally not available on the Internet, as returns are, the holdings must be fed into the analysis system through some means other than point-andclick. This additional work, sometimes called “throughput,” may be too onerous for some, despite the beneﬁts. In certain circumstances, deciding between RBSA and HBSA is really a matter of a Hobson’s choice. Speciﬁcally, when holdings data are difﬁcult to obtain (as is the case with mutual funds and unregistered investment products such as hedge funds), or when derivatives are used in the portfolio, RBSA is simply the only viable choice. RBSA can also be used to calculate information ratios, which are style-adjusted returnto-risk measures. As discussed later in this chapter, some researchers are ﬁnding persistence in information ratios, so they should be used as a ﬁrst cut for identifying skill. Similarly, HBSA is the only choice when it is necessary to detect style drift or to fully understand the portfolio’s actual holdings. Also, holdings are required for the type of performance attribution analysis that differentiates skill from luck. In the next two sections, I describe this type of attribution analysis and its importance.



FINDING SKILL Do investment managers have skill? Can those managers be identiﬁed? These two very important questions could not be answered with conﬁdence just a few short years ago. The motto of professional investment
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performance evaluators has long been, “Evaluate skill, not luck.” However, about ﬁve years ago, researchers discovered the signiﬁcance of investment style in measuring skill. That is, they learned that skill could be properly identiﬁed only if we ﬁrst lift the thick clouds of style that routinely distort our perspective.1 One important discovery was that good growth equity managers tend to continue to be good growth equity managers—ditto for value. In the past, the problem with identifying skill has been that skill has routinely been confused with style. Witness the numerous ﬁrings of value managers that occurred as the growth stock bubble of the late 1990s inﬂated. Accordingly, I suggest that the motto for 21st century evaluators has become, “Evaluate skill, not style.” Professional performance evaluators have an advantage over academics who have discovered style-adjusted persistence in performance. Evaluators understand the other three Ps: people, process, and philosophy. Accordingly, they can use style-adjusted alphas as a ﬁrst cut in their search for skill. They can then determine the reasons for the alpha and verify that these reasons substantiate the other three Ps. The examination of the reasons for performance is called performance attribution analysis. The reasons revealed by performance attribution analysis are stock selection and sector allocation. Importantly, to make sound decisions, we look for persistence over time in these sources of added value. Furthermore, performance evaluators conﬁrm that the value-added is coming from a source consistent with the management process. If the management process is predominantly top-down, one would expect alpha to derive primarily from sector allocation. Similarly, a bottom-up manager should excel in stock selection. This total performance evaluation and attribution picture is shown in Exhibit 6.1. Note that while alpha, or skill, can be estimated using either HBSA or RBSA, holdings are required to complete the picture with the components of skill, or attribution. The numbers shown in the boxes in this exhibit deﬁne the steps involved in the process of identifying skill. 1



Studies finding little evidence of persistent performance include: T. Daniel Coggin and Charles A. Trzcinka, “A Panel Study of U.S. Equity Pension Fund Manager Style Performance,” Journal of Investing, vol. 9 (Summer 2000), pp. 6–12; Martin J. Gruber, “Another Puzzle: The Growth in Actively Managed Mutual Funds,” Journal of Finance, vol. 51, no. 3 (1996), pp. 783–810; Roger Ibbotson and Amita Patel, “Do Winners Repeat With Style,” Ibbotson Associates Research Paper (November 2001); Ronald N. Kahn and Andrew Rudd, “The Persistence of Equity Style Performance: Evidence from Mutual Fund Data,” in T.D Coggin, F.J. Fabozzi, and R.D. Arnott (eds.), The Handbook of Equity Style Management, 2d ed., (New Hope, PA: Frank J. Fabozzi Associates, 1997); and, Scott D. Stewart, “Is Consistency of Performance a Good Measure of Manager Skill?,” Journal of Portfolio Management, vol. 24, no. 3 (1998), pp. 22–32.
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The comedian Steve Martin used to do a stand-up routine on how to become a millionaire that began: “First, you get a million dollars.” Our prescription for identifying skill begins on a similar note: “First, get the right style benchmark.” The key to achieving this step is that today we have the technology to do a reasonable job of capturing the manager’s true style essence, whereas this technology was unavailable in the late 1970s, when Mr. Martin was doing his routine. With a good style proﬁle as the basis, we can proceed with the plan, as follows.



Process for Evaluating Skill, Not Style 1. Calculate the return expected from passive implementation of the manager’s style. 2. Subtract this from the actual return. The remainder is the value added by skill. 3. Separate out the sources of skill: sector allocation and stock selection. 4. Look for persistence as conﬁrmation of skill rather than luck. The ﬁrst three steps are shown schematically in Exhibit 6.1. I shall use this schematic to illustrate a real analysis that follows this process.



EXAMPLE: ATTRIBUTION ANALYSIS FOCUSED ON SKILL, NOT STYLE Exhibit 6.2 shows a sample analysis for the ﬁrst quarter of 2002 that completes the ﬁrst three steps. Note the row on the bottom labeled “Style Market Allocation,” which shows the style proﬁle that is used to evaluate the “sample manager.” In this case, the sample manager is mid-
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large growth, with some value. The ﬂoating bars in the chart show the Portfolio Opportunity Distributions (PODs) within each industry sector for the speciﬁed style. For example, the technology bar represents the range of return opportunities for all of the possible portfolios of technology stocks that ﬁt the style proﬁle. The middle, or median, of the bar shows the expected return in the sector for the speciﬁed style. Moving to the bar on the far right, we can see that the expected total return for this manager’s style (Style Market Return) in this period is the –1.20% shown both as the median of the bar and in the table beneath the bar. Note also the solid line in the graph indicating the style’s natural allocation to economic sectors. This is used to determine the sample manager’s sector bets. The sample manager’s performance results are shown as ﬂoating dots in Exhibit 6.2. Since the majority of these results are above median, it appears that the manager generally made good stock selections. The total fund performance of 0.02% ranks in the 27th percentile against the unique style opportunity set. As shown by the solid gray area, the manager also made a bet on the ﬁnance sector during the quarter. Because ﬁnance was among the better performing sectors for the quarter, this bet paid off. So we can conclude that this manager’s outperformance was due to both good stock selection and good sector allocation. Using standard attribution arithmetic, the results shown in Exhibit 6.2 can be summarized in Exhibit 6.3. EXHIBIT 6.2



Example of Attribution Analysis that Separates Style from Skill



166 EXHIBIT 6.3



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



Performance Attribution Summary for Sample Manager Sample Manager



Style Market



A B C Port % Return (%tile) Port % Nondurables Durables HealthCare CapGoods Technology Energy Transport Utilities Finance



7.9 9.8 17.1 2.2 22.1 3.5 3.3 2.3 31.8



2.54(55) 4.22(47) –5.24(63) 30.07(1) –10.30(59) 19.51(1) 11.87(31) –14.59(99) 3.72(26)



16.2 6.4 16.5 4.8 31.3 3.6 2.1 1.5 17.8



100.0



0.02(27)



100.0



D Return 3.34 3.69 –3.15 10.60 –8.43 4.36 9.82 2.04 1.55 –1.20(m)



(D–m) *(A–C) Sector



A*(B–D) Selection



–0.38 0.16 –0.01 –0.30 0.66 –0.01 0.13 0.03 0.39



–0.06 0.05 –0.36 0.43 –0.41 0.53 0.07 –0.39 0.69



0.67



0.55



EXHIBIT 6.4



Complete Performance Schematic with Actual Portfolio (1st Quarter 2002)



The schematic introduced in Exhibit 6.1 can be used to ﬁll in the boxes as shown in Exhibit 6.4. When viewed from a customized style perspective, this was a fairly good quarter for the sample manager. However, in the ﬁrst quarter of 2002, the sample manager’s style (i.e., midlarge growth, with some value) was out of favor. The style lost 1.7% in a market that was up slightly, earning about 0.5%. As a result, performance evaluators who use the S&P 500 index or other standardized benchmarks might conclude that this manager underperformed. This
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conclusion is certainly not fair to the sample manager and, more importantly, it could lead the client to ﬁre a manager with demonstrated talent in stock selection. The ﬁnal step in our search for skill is to look for persistence. Exhibit 6.5 shows the history of value-added by the sample manager over 13 quarters ending March 31, 2002, and introduces a new measure: activity. Activity is the difference between the actual return and the buy-and-hold return. It measures the value added or subtracted by the manager’s trading decisions during the quarter. Note that stock selection and sector allocation have been the largest contributors to this manager’s cumulative performance, with most of the value added through stock selection. This is a bottom-up stock-picking manager whose skill is conﬁrmed by the performance attribution analysis. It is important to note that style analysis and attribution analysis play different roles in identifying skill. Equity style analysis, both returns-based and holdings-based, establishes the custom benchmark. This benchmark is used in two important ways: Its return is netted against the portfolio’s actual return to determine value added or subtracted, and its composition is used as the backdrop for assessing the sources of this value. The strength of these analyses rests on both the process, as described above, and the quality of the style classiﬁcations that are used. In the next section, I look at some criteria for constructing and judging style classiﬁcations and benchmarks. EXHIBIT 6.5



Persistence in Sources of Value-Added
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EQUITY STYLE CLASSIFICATIONS As shown in the preceding section, the tacit test for skill is performance above a custom equity style blend, based on the fact that the blend could be purchased passively for a very small fee. In addition, since it is the blend that matters, should we not be interested in the compatibility of the ingredients, rather than each individual style index? We can choose from many families of such style indexes, including Russell, Wilshire, Callan, and S&P. What distinguishes one family from another? To answer this important question, some providers of RBSA have tested to see which family provides the best results, using criteria such as that described below.



Criteria for Good Style Indexes in Returns-Based Style Analysis ■ Reasonable results: style proﬁles conform to intuition. ■ Good ﬁt: correlation of blend with actual performance is high, and



tracking error is low. ■ Limited spurious loadings: this avoids the statistical problem of “multi-



collinearity.” Only a few families of equity style indexes stand out when measured against these criteria, and they all follow similar construction rules. Most of the popular indexes do not follow these rules, primarily because they are constructed to be stand-alone benchmarks, rather than building blocks for customized benchmarks. Below are the rules that work.



Rules for Constructing Equity Style Indexes ■ Mutually exclusive: No stock gets into more than one style. Accord-



ingly, multicollinearity is minimized. ■ Exhaustive: All stocks are classiﬁed. Some index vendors throw out



data; e.g., stocks with negative earnings or very small market caps. Finding a good ﬁt is more difﬁcult if any of the portfolio’s stocks have been eliminated. ■ Inclusion of core: This continues to be a novel idea, although others have discussed it on occasion. It is a way to deal with stocks in that gray area between value and growth without violating the mutually exclusive rule. Interestingly, core does not always perform between value and growth. Sometimes it is better than both, and sometimes it is worse. None of the popular index families indicates when this interesting phenomenon occurs.
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■ Quarterly rebalancing: Investment dynamics change rapidly. Calling a



cheap high-tech stock “growth” because it had a high price/earnings ratio a year ago does not make sense. If these rules are followed, the resulting family of indexes works very well when blended into customized benchmarks for evaluating manager performance. A sample implementation of these rules is presented in the Appendix to this chapter. The investment profession seems preoccupied with the composition of individual equity style indexes, focusing on the rebalancing of existing indexes and the introduction of new ones. Investment papers and journals continually run articles explaining why a particular style index is not representative of one thing or another. This is “missing the forest for the trees.” The value of equity style indexes is in their blending, not as stand-alone benchmarks. It is like great soup; i.e., one would not make a meal out of an individual ingredient, but put numerous ingredients together in a good recipe and voila. As previously mentioned, blends of equity style indexes serve as contemporary versions of normal portfolios, or designer benchmarks. The evolution of equity style analysis is essentially just beginning. A look to the future provides my assessment of the likely direction of this evolution.



THE FUTURE OF EQUITY STYLE ANALYSIS Eventually, investors will learn to avoid the mistake of confusing style with skill. The high cost of making this mistake, which is well documented, will cause this learning experience to occur. Investors and their consultants can hasten this evolution by using all of the approaches described in this chapter: returns-based and holdings-based equity style analysis, combined with contemporary performance attribution analysis. This process may well take longer than some would prefer. However, it is inevitable and, in my view, for the best.



APPENDIX: SAMPLE OF EQUITY STYLE INDEXES THAT FOLLOW THE RECOMMENDED CONSTRUCTION RULES Equity style groupings are based on data provided by Compustat. Two security databases are used. The U.S. database covers more than 8,000 ﬁrms with total capitalization exceeding $14 trillion at the end of 2001. The non-U.S. data base coverage exceeds 10,000 ﬁrms, 20 countries,
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and $15 trillion, making it substantially broader than the Morgan Stanley Capital International (MSCI) Europe, Australia, and Far East (EAFE) Index. To construct style groupings, the Compustat database for the region is ﬁrst broken into size groups based on market capitalization, calculated by multiplying shares outstanding by price per share. Beginning with the largest capitalization company, companies are added until 60% of the entire capitalization of the region is covered. This group of stocks is then categorized as “large cap” (capitalization). For the U.S. region, this group currently comprises 130 stocks, all with capitalizations in excess of $20 billion. The second size group represents the next 35% of market capitalization and is called “mid cap.” For the U.S., this group currently comprises 2,000 stocks with capitalizations between $700 million and $20 billion. Finally, the bottom 5% is called “small cap,” or “mini cap.” Approximately 6,000 U.S. companies currently make up this group. Then, within each size group, a further breakout is made on the basis of orientation. Value, core, and growth stock groupings within each size category are deﬁned by establishing an aggressiveness measure. Aggressiveness is a proprietary measure that combines dividend yield and price/earnings ratio. The top 40% (by count) of stocks in aggressiveness are designated as “growth,” while the bottom 40% are called “value,” with the 20% in the middle falling into “core.”
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omeone once said: “Nowhere is value so perfectly calibrated with price as in cigars.” Unfortunately, stocks are not cigars; and as a result, investors have searched for years to identify the perfect clue to value, and thus to future performance. The search for value in stocks has led to elaborate frameworks for the valuation of investments as well as elaborate frameworks for the evaluation of the equity styles of investment managers themselves. In light of recent market volatility, these frameworks may deserve some reexamination. After six years in which the S&P BARRA Growth Index outperformed the Value Index, value rebounded strongly in 2000. Perhaps, after the technology stock bubble has burst, the world is now returning to classic fundamental analysis. On the other hand, the market divergence of the past several years has led to a proliferation of investment styles that may not be captured accurately by the traditional “value versus growth” framework, which dates back to the mid-1970s. Value managers today argue whether
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the best opportunities will be in “traditional” value, “deep” value or “ﬂexible” value stocks. Meanwhile, growth investors are divided over whether there will be a rebound in “cyclical” growth, “quality” growth or “opportunistic” growth. Perhaps a new framework might better distinguish the nuances of investment disciplines. Indeed, some critics say that growth is not the opposite of value; it is the creator of value (i.e., without understanding potential for growth, one cannot correctly identify value).



HISTORY Value investing (in fact all professional equity investing) traces its roots to Graham and Dodd’s classic book Security Analysis, ﬁrst published in 1934. At the depths of the Depression, they stressed the importance of fundamental analysis and the use of ﬁnancial statement data to compare stocks. Over the last 30 years, practitioners have applied the term “Graham and Dodd” research to describe value investing as opposed to growth investing, but the authors did not make that distinction.1 Their discussion of sound investment value included assessing the “favorable possibilities for future growth.” With the rise of institutional investing in the 1960s and 1970s, however, the practice of security analysis was divided into the two basic camps of value and growth investing. Consultants adopted these styles as two opposite poles and built them into today’s framework of portfolio diversiﬁcation. Academic researchers have explored the characteristics of the value and growth styles and have often deﬁned value stocks as those with a low ratio of price to book value, while growth stocks have a high ratio. They have further suggested that value stocks (so deﬁned) tend to outperform the so-called growth or “glamour” stocks. Numerous papers discuss this topic, including Fama and French, Umstead and Davis, Lakonishok, Biggs and Sharpe.2 Ibbotson Associates published a chapter in Stocks, Bonds, Bills and Inﬂation, 2000 Yearbook, which concluded that from 1927 to 1



Benjamin Graham, David L. Dodd, and Sidney Cottle, Security Analysis (New York: McGraw-Hill, Fourth Edition, 1962). 2 Eugene F. Fama and Kenneth R. French, “Common Risk Factors in the Returns on Stocks and Bonds,” Journal of Financial Economics, 33 (1993); David A. Umstead, “International Equity Style Management,” Equity Style Management (Chicago: Irwin Professional Publishing, 1995); J. Lakonishok, A. Shleifer, and R. Vishny, “Contrarian Investment, Extrapolation, and Risk,” Journal of Finance (December 1994); Barton M. Biggs, “Value Will Out,” Morgan Stanley Strategy and Economics (April 10, 1995); and William F. Sharpe, Carlo Capaul, and Ian Rowley, “International Value and Growth Stock Returns” Financial Analysts Journal (January-February 1993).
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1999, value stocks had returned 13.4% per year whereas growth stocks had returned only 10.2%.3 By the mid-1990s many academic papers stated ﬂatly that “Value outperforms Growth,” and some institutional investors responded by terminating their growth managers or at least tilting their asset allocation in favor of value. Unfortunately, many of these moves came at precisely the wrong time, as shown in Exhibit 7.1. From 1975 to 1993, the S&P Value Index outperformed the Growth Index in 11 out of 19 years. From 1993 to 1999; however, value underperformed six years in a row. At the end of 1999, the ﬁrm of AXA Rosenberg reported that their measure of growth stocks had outperformed value stocks by 125% over the prior 18 months, representing a 6.8 standard deviation event, which “should occur only once every 285 billion years.”



BENCHMARKS Part of the dilemma with growth versus value lies in the validity of the benchmarks used to describe these disciplines. Most index providers use similar methodologies, but there are differences as shown in Exhibit 7.2 below. For example, BARRA uses price-to-book as its discriminator, and divides the market (or segment such as the S&P 500) into two groups of equal market cap and reconstitutes the index of January 1st and July 1st. Russell develops a composite score based on price-to-book and the Institutional Brokers Estimate System (IBES) mean long-term ﬁve-year estimated growth rate. Stocks are then assigned to the growth and value indexes based on the probability that they are growth or value (70% of stocks are considered all growth or all value, while 30% are a mixture and have fractional weights in each index). The Russell indexes are reconstituted on June 30 each year. While BARRA, Russell, Wilshire, and MSCI (Morgan Stanley Capital International) rely heavily on price-to-book as a discriminator, Russell also uses estimated growth, Wilshire and Prudential use earnings-to-price and Salomon uses three growth and four value measures. While the benchmarks vary in methodology, most of them rely heavily on price-to-book. All these methods of producing style indexes, however, ignore the real complexity of money management. Over most periods since their inception in 1975, the MSCI value indexes have outperformed the growth indexes in all countries and regions with the exception of Denmark, Finland, and Italy.4 This raises the possibility that either growth investors are not behaving in the way these growth 3



Ibbotson Associates, Stocks, Bonds, Bills and Inflation, 2000 Yearbook. Richard S. Yeh and Yazid M. Sharaiha, “Global Style Investing with MSCI Value and Growth Indices,” Global Equity and Derivative Markets, Morgan Stanley Dean Witter (December 1997). 4
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indexes are calculated, or growth investors are engaged in an unproductive exercise of buying expensive stocks. Thus their continued survival is the sole result of considerable optimism on the part of their clients. S&P/Barra Value Index versus Growth Index
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EXHIBIT 7.1



Source: Chicago Investment Analytics, Nicholas Applegate



EXHIBIT 7.2 S&P/ BARRA



Value/Growth Index Methodologies Price-to-book, top half of market cap is growth, bottom half value. Reconstituted semi-annually.



Russell U.S.



Price-to-book and IBES 5-yr est Growth used for composite score. 70% of stocks are pure growth or value. 30% of stocks partly in both indexes. Reconstituted 6/30. Russell P/B, P/Cash Flow, P/E, IBES 5-yr estimated growth, equally-weighted within non-U.S. country. Stocks are either growth or value. MSCI



Price-to-book.



Wilshire



Price-to-book and price-to-earnings (IBES 1-yr est). Score = 75% B/P + 25% E/P. Half market cap in each index. Reconstituted in June.



Salomon



Growth stocks have high: 5 yr EPS, sales growth, retained ROE Value stocks have high: P/B, Cash Flow/P, Sales/P, yield Roughly 25% of names and 50% of market cap are all growth or all value. The remainder are probability-weighted in both indexes.



Prudential Growth stocks have: sales growth > 10%, IBES Est 5-yr growth > median, low dividend payout, low debt/capital. Value stocks have: Earnings/price > median. Dividends constant or rising.
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In working with the style benchmarks in the United States, however, Trittin and other institutional pension plan consultants have found an interesting result: universes of value managers tend to produce average returns that are similar to their benchmarks, while universes of growth managers tend to outperform growth benchmarks.5 This suggests that growth managers may indeed be doing something different than simply buying expensive stocks with high price/book ratios. Internationally, the history is too limited for this analysis, but Michaud has suggested that price/book alone may be too naïve and that a better deﬁnition of styles might be achieved using multiple variables, including price/earnings, yield, changes in earnings and ﬁrm size.6 Oversimpliﬁcation of the deﬁnitions of growth and value can cause damage to our understanding of equity investment styles and actually distort the asset allocations of institutional investment plan sponsors. Some of the shortcuts used in academic studies may have been misleading. Equity styles may sometimes be thought of as follows: Growth High Price/Book High Price/Earnings Low Dividend Yield Expensive Low Return



Value Low Price/Book Low Price/Earnings High Dividend Yield Cheap High Return



These generalizations ignore the fact that, in the beginning, the investment community was simply trying to identify investment styles by distinguishing between investors who focus more on the valuation of companies and those who focus more on their growth prospects. These are many ﬁrms which offer both growth and value produces, and they are evidently convinced that intelligent life exists in both camps. Value investors do more than seek simple cheapness as measured by price-tobook or price-to-earnings, and growth investors don’t just look for expensive stocks. Unfortunately, the indexes and most academic studies have oversimpliﬁed the deﬁnitions of investment manager’s styles in ways that can cause distortions of institutional asset allocations.



5 Dennis Trittin, “Value Tilts—Why the Free Lunch and the Active Manager Enigma?” Russell Research Commentary (November 1994). 6 Richard O. Michaud, “Is Value Multidimensional? Implications for Style Management and Global Stock Selection,” Journal of Investing (1997).
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In this chapter, we examine the global evidence of returns to growth versus value as well as to the price/book proxy and several other measures. We consider several questions: ■ Does price follow earnings (does growth in price follow earnings



growth)? ■ Does price/book reﬂect expectations for future earnings growth? ■ Does price/book or expectations for future earnings growth predict



actual future earnings growth? ■ Does price/book or expectations for future earnings growth predict



future returns? In considering these questions, we divide the world into the United States, Japan and EAFE ex-Japan (those developed countries which are in the MSCI Europe, Australia, Far East Index minus Japan). For each of the three groups, we analyze the relationships among investment factors by the technique of comparing equal weighted decile medians of the “xaxis” variable with the “y-axis” variable. The results of this approach capture nonlinearities that would be missed by linear regressions.



DOES PRICE FOLLOW EARNINGS? The question of whether price follows earnings is fundamental to the efﬁciency of stock markets. Equity prices are seen as the valuation of the future stream of dividends to shareholders. Changes in the value of this stream of dividends depend heavily on the level of current earnings from which dividends are paid. Exhibit 7.3 shows the close relationship of the S&P 500 to capitalized economic proﬁts for U.S. companies over the past 28 years. Capitalized economic proﬁts are deﬁned here as net income of corporations with the inventory valuation allowance and the capital consumption allowance added in to adjust for inﬂation. The message from Exhibit 7.3 is: Yes, price does follow earnings.



DOES PRICE/BOOK REFLECT EXPECTATIONS FOR EARNINGS GROWTH? Estimates of future growth often have a heavy bias towards recent experience. We will examine two measures of growth expectations: price/ book, the foundation of most growth and value indexes, and the expected long term growth estimate for companies from the Institutional Brokers Estimate System (IBES), which is an estimate of 3–5 year future earnings growth covering over 18,000 companies worldwide.
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Proﬁts and the S&P



Data Source: A.B. Laffer Associates, March 2002



Exhibit 7.4, shows the relationship with prior ﬁve-year earnings growth across all markets over the period from 1985 to 2001. For each year, price to book was calculated for quintiles of prior 5-year earnings growth. The average values for the quintiles over the period are shown in the exhibit. Note that the growth rates relative to price/book are highest in emerging markets and lowest in Japan. Overall, the evidence is that price/book does reﬂect inﬂuence of past growth. Exhibit 7.5 shows the relationship of the IBES expected long-term growth estimate (LTG) with actual historical ﬁve-year earnings growth. The relationship is most direct in the United States, although growth rates below ﬁve percent are adjusted up to expectations of at least ﬁve percent. For EAFE ex-Japan all quintiles of growth are below ﬁve percent, but they are adjusted up to a range of expectations similar to the United States. In Japan, the estimates are higher than the history, but low relative to the rest of the world, reﬂecting the uncertain outlook of the economy. Furthermore, the highest quintiles of LTG bear little relationship to the meager historical growth rates achieved. In emerging markets, historical growth has been high, but future estimates bear little relationship to past results. Overall, the positive relationship between actual historical ﬁve-year earnings growth rates and the IBES expectations for long-term growth is strongest in the United States.
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EXHIBIT 7.4



Quintile Median Price to Book versus 5-Year Historical Earnings Growth, 1985–2001



EXHIBIT 7.5



Quintile Median IBES Long Term Growth versus Estimated 5-Year Historical Earnings Growth 1985–2001
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Quintiles of IBES Long Term Growth versus Price/Book 1987–2001



Finally, comparing the relationship of IBES Long-Term Growth Estimates with price-to-book reveals that there is a strong relationship in the United States, but a weaker relationship elsewhere, as shown in Exhibit 7.6. In the United States stocks with higher long term growth estimates do sell at progressively higher price/book ratios. The curve moves from 1.5×–2× price/book for 10–15% growers to 3× for 25% growers. Outside the United States, however, companies with growth rates above 15% generally all sell at price/book ratios of only 2×–3×, with no signiﬁcant premium for the highest growth quintiles. While some of this may reﬂect a lack of appreciation of high growth by non-U.S. investors, a more signiﬁcant reason may be differences in the degree of capital intensity of companies that are growing rapidly in different economies. Outside of the United States, there are many companies with low price/book in capital intensive industries that continue to have high growth rates because they are less mature than similar companies in the United States. These companies, in manufacturing and construction industries, have more plant and equipment in proportion to their earnings and thus lower price/book ratios than their counterparts in less capital-intensive industries, such as drugs and software. In theory, price/book should be a direct function of return on equity rather than growth rate. Otherwise, capital would quickly migrate across industries to equalize the PB/ROE relationship. In practice, however, industries have differing PB/ROE relationships due to friction in capital markets and the fact that capital is often less important to returns than proprietary features like technology or market position. In the
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United States there are many companies with high franchise values like Microsoft and Coke. Inﬂow of capital into their industries has not driven down their returns. Their high price/book reﬂects this franchise value. On the other hand, outside the United States, frictional elements in the business environment, such as the importance of personal and government relationships, may have had a role in preserving high growth rates in capital intensive companies longer than freer capital markets would have allowed. There are fewer companies with high franchise values (global brand names) and more capital-intensive companies in protected niches; so the price/books are lower relative to expected growth rates. Exhibit 7.7 analyzes this difference in terms of the composition of the deciles of IBES LTG for the United States, EAFE ex-Japan and Japan by broad economic sectors. In the United States, stocks that are less capital intensive, such as technology and health services stocks, dominate the higher growth deciles. In the highest growth decile, they represent 60%, contributing to the high price/book of this decile, at 5.2×. In contrast, for EAFE ex-Japan, the top decile of estimated growth has only 20% in technology and health services while 35% is in manufacturing (versus 3% for the top decile in the United States). This difference in composition results in a much lower price/book for the top decile of 2.1×. Finally, in Japan, 45% of the top decile is in technology and health services, also lower than in the United States. This contributes to the lower price/book of the decile, at 3.0×. In response to the question “Does price/book reﬂect expectations for future earnings growth?” there are several conclusions from these analyses: 1. Both price/book and IBES expected long-term earnings growth are related to historical earnings growth. 2. Price/book does reﬂect expectations for future earnings growth in the U.S. market, but this is not the case for EAFE ex-Japan or for Japan, particularly for the higher growth rates.



DOES PRICE/BOOK OR EXPECTATIONS FOR FUTURE EARNINGS GROWTH PREDICT ACTUAL EARNINGS FUTURE GROWTH? Finding future growth is more difﬁcult than estimating it. In Exhibit 7.8, we examine the relationship of price/book with actual future growth in earnings both over the subsequent year and over the subsequent ﬁve years, for starting periods from 1985 to 1997. The one-year relationships are slightly positive, although both the U.S. and emerging markets show high growth for the lowest price/book as well as the highest. For ﬁve-year earnings growth, the curves are much ﬂatter, indicating little predictive power in price/book.
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International Comparison of IBES LTG by Economic Sector
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Price/Book Decile Medians versus 1-Year Earnings Growth 1985–



1996



Price/Book Decile Medians versus 5-Year Earnings Growth 1985–1996



Data Source: Worldscope



In Exhibit 7.9, for IBES LTG there is a stronger relationship with actual subsequent growth, but it is still not especially robust. Over one year, the relationship is strongest and most accurate for the United States, while EAFE ex-Japan showed little predictive power. Over ﬁve years, the relationship is strongest but at least 50% optimistic in the United States, weaker and still too optimistic for Emerging Markets and not predictive at all for EAFE ex-Japan or for Japan. Regarding Question 3: “Does price/book or expectations for future earnings growth predict actual future earnings growth?” Our data indicate that neither price/book nor IBES long term estimates for future growth are useful for predicting future growth. Price/book is noticeably weaker than IBES.
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EXHIBIT 7.9



IBES Long-Term Growth Estimated Decile Medians versus 1-Year Earnings Growth 1985–1996



IBES Long-Term Growth Estimated Decile Medians versus 5-Year Earnings Growth 1985–1996



Data Source: Worldscope



DOES PRICE/BOOK OR EXPECTATIONS FOR FUTURE GROWTH PREDICT FUTURE RETURNS? Exhibit 7.10 shows price/book compared with one-year future returns. The lines are nearly vertical, although in Japan, the stocks in the highest quintiles of price/book have under-performed. For IBES long-term growth estimates, in Exhibit 7.11, there also appears to be no meaningful relationship with returns. As shown below, neither of these simple estimates of growth is useful in capturing future returns.
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Quintile Median 1-Year Return versus 1-Year-Ago PriceBook 1985–
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EXHIBIT 7.11 Quintile Median 1-Year Return versus 1-Year-Ago IBES LTG Estimated 1985–2001
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CONCLUSIONS ON SIMPLE MEASURES OF GROWTH AND VALUE The analyses above do not show what growth and value managers actually do. Rather, they show that the simple selection of stocks with high price-to-book ratios or high IBES Estimated Long-term Growth will not identify stocks with either future growth or future returns. The evidence does show that in some markets, high price/book has underperformed, but we disagree with the generalization that high price-to-book is a good description of the growth style of investing. It is not reasonable to conclude that growth stocks underperform value stocks, simply based on analysis of price/book. Equity style analysis is a complex topic, and while growth portfolios may result in high price to book, the use of this “output” characteristic as an “input” variable for growth versus value analyses is misleading.



WHAT DO WE MEAN BY “VALUE”? One problem with understanding the dynamics of equity investment styles may lie in the framework itself, which treats growth and value as opposites. When we use the word “value” in our daily lives, we generally mean it as a measure of quality relative to price, (or quality per dollar: Value = Quality/Price). Price itself determines whether a coat or a car is cheap or expensive, but price does not determine whether it is a good value. One can trade off price and quality in the same way we do risk and return in the efﬁcient frontier of investing. Thus, we can think in terms of a Quality Frontier, Exhibit 7.12, for every product we buy: If we pay a little more, we should get something that is better quality. In an ideal world, value would be perfectly calibrated to price, as with cigars. However, in most areas of the economy, the quality frontier is not a straight line, but rather a sloping curve, which ﬂattens to reﬂect diminishing returns in quality as the price rises. For example, a Cadillac is a little better than a Chevrolet, but a Chevrolet is a lot better than walking. While the slope of a quality curve ﬂattens at higher prices, the behavior of our preferences is just the opposite. For each person, we can construct Utility Functions that are curves of equal value. We make a purchase when our Utility Function touches the Quality Frontier. The steepness of our Utility Function will change on days when we feel richer or poorer, but often we may ﬁnd the value of two products (a Ford and a Mercedes) to be similar even though one is expensive and the other cheap. Thus the value of a product is not its price or cheapness, but rather its quality compared to its price (V = Q/P).
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Value Framework



In the world of investing, however, value is commonly represented by the amount of earnings, dividends or book value per dollar of price, P/E, P/B, and so on. However, earnings, dividends, and book values do not deﬁne the quality of companies. They may deﬁne cheapness but, to deﬁne quality, analysts must make judgments about management, strategy, new products, R&D and growth. When investors talk about “value” stocks, they are generally only talking about cheap stocks, not quality stocks. In the context of quality, growth is not the opposite of value; rather, it is an important element in it. It is this relationship that leads growth investors to believe their stocks represent good values, not bad ones.



EVOLUTION OF INVESTING The stock market and the economy have changed greatly since ﬁrst Graham and Dodd wrote Security Analysis in 1934. The opportunities for investors have changed as well since 1934, when many stocks were depressed below their liquidation value. Some even had liquid assets in excess of their market capitalization. By the 1950s most of these values had disappeared, but America still dominated many capital-intensive
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industries. And as a result, many stocks with low price-to-book did well. In the late 1970s our competitive economic position had eroded, but there was an inﬂationary global boom in commodity prices beneﬁting many basic industry stocks. Then the late 1980s saw aggressive mergers and restructurings, which improved margins and unlocked values of many industrials. In the 1990s, however, many cyclical industries in the United States experienced deteriorating competitive conditions, due to strength in the dollar. Today many of the cyclical U.S. companies, which have been the foundation of value investing, may be past their prime. Meanwhile, value indexes that are heavily biased in favor of price-to-book now include some stocks which most investors would consider growth stocks (e.g., Texas Instruments, Nortel, and JDS Uniphase are in the S&P BARRA Growth Index). Over the last 30 years, investors have become much more sophisticated, analytical standards have improved, and the market has become more efﬁcient. Today, institutional investors all behave in very similar ways: They all get the same news feeds, databases and Wall Street research, and they all cover most aspects of classical Graham and Dodd research. Real information advantages are scarce (particularly given the SEC’s rules on Fair Disclosure). They all build portfolios based on the same basic steps: acquisition of information, the estimation of future streams of earnings, dividends and cash ﬂows, the estimation of asset values and the estimation of risk. These results are then compared with stock price to reach a buy, sell or hold decision. A “laundry” list of analytical tools and approaches is shown in Exhibit 7.13, below. The differences among investment ﬁrms lie more in which of these tools is the focus of their work rather than in what they leave out completely. Value mangers are likely to focus more on tools at the top of the list; while growth managers spend more time on those at the bottom. With more than 42,000 members of the Association for Investment Management and Research (AIMR) as of 2002, the quality and integrity of the profession of ﬁnancial analysis have improved and many easy gains from security analysis have been achieved. The stock market is more efﬁcient, and this has consequences for the value of analysts’ information tools and approaches. More than ten years ago, management consultant Peter Drucker predicted the rise of the New Economy, with knowledge-based companies replacing the dominance of the mature manufacturing-based companies in our economy.7 As this shift has occurred, there has been enormous vitality and innovation in knowledge-based companies in technology, health care and ﬁnancial services. One result has been strong job growth in the United States, 7



Peter Drucker, “Putting More Now into Knowledge,” Forbes Magazine (May 15, 2000).
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although many jobs in the Old Economy sectors of manufacturing and production have disappeared. Today, the economic position of the United States is strong globally, not because we have protected our Old Economy companies, but because we have stimulated the New Economy companies. While this evolution in economic leadership has produced a strong environment for ﬁnancial markets, it presents several challenges to investors. EXHIBIT 7.13



Analytical Tools for Equity Style Analysis



Accounting Measures Earnings Dividends Cash Flow Book Value Asset and Liability Valuation Accounting Analysis Valuation Models Discount Models: discount rates, fade rates, sustainable growth rates Enterprise Value Added, cost of capital Cash Flow Return on Investment, replacement cost, present value of Plant & Equipment Price Targets GARP, PE versus Growth Rate Subjective Fundamental Measures Management Quality Alliances Research & Development New Products Strategy Growth Measures Earnings Growth Sales Growth Cash Flow Growth Retained Return on Equity Change Measures Estimate Revisions Earnings Surprises Fundamental Catalysts Price Momentum
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Historical Cost accounting Historical cost accounting has become less reliable in comparing values because of its uneven treatment of New Economy and Old Economy companies. In the Old Economy, hard assets in manufacturing and production have had measurable useful lives for depreciation purposes, often specified by tax codes. Today, however, those lives can be shortened unpredictably by technological obsolescence. This can result in overstatement of assets, book values and earnings. Meanwhile the assets of knowledge-based companies in the New Economy are understated, because they are hard to quantify from an accounting standpoint. Innovations, patents, goodwill, R&D, brand, employees and market share are all unrecognized or understated under GAAP accounting. Because of these distortions, accounting data has lost much of its power in identifying stock market values.



New Economy New Economy industries have intense competitive dynamics. Former U.S. Treasury Secretary Larry Summers describes this economic environment with an “accelerator” economic model: higher production volumes lower production costs, encouraging lower prices, which increase demand and lead to still higher production volumes. This can be contrasted with the “thermostat” model of the Old Economy, where higher production volumes meet capacity limitations, increasing costs and thus reducing customer demand. Geoffrey Moore, who wrote The Gorilla Game, describes this new “winner take all” environment.8 Where development costs are high but production costs are low, as in computer software, the goal is to gain a monopoly: Companies lower prices to discourage competitors while hoping to gain enough volume to offset the initial development costs. Products that gain an edge in market share can drive out the competition, as VHS video-recorders did with Betamax. In this kind of a “winner take all” or “positive-feedback” environment, the law of “regression to the mean” or “mean reversion” does not work. Companies that are losers will always look like great values, yet their fundamentals will continue to deteriorate. Legendary CEO Jack Welsh of General Electric pioneered the strategy of leadership in every business, that has become a fundamental strategy in competitive industries today. In this environment, response to change is crucial, and history is a poor guide to the future. A stock or industry selling at a new all-time low valuation on price to earnings or price to book does not necessarily represent an opportunity. Its historic valuation range may be irrelevant. 8



Geoffrey Moore, Paul Johnson, and Tom Kippola, The Gorilla Game: Picking Winners in High Technology, Harperbusiness (October 1999).
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In response to these challenges, investors have responded with new approaches to valuation, often pioneered by new “maverick” ﬁrms. With success, some of these disciplines have been copied and incorporated into the mainstream. The result has been a proliferation of investment styles that goes far beyond the original simple framework of Value versus Growth. It is time to look at the landscape of investment styles and think of a new framework that can encompass new developments in valuation techniques.



A NEW MAP OF EQUITY INVESTMENT STYLES What really separates investors today is not a difference in their commitment to ﬁnding good values; it is the difference in their willingness to look out into the future, to accept growth. If they are doubters, they will be skeptical about future growth. The time horizon of their analysis will be short. They will focus more on current earnings and assets. They will spend less time assessing the impact or the likelihood of long-term growth. As a result, their portfolios will have stocks with lower growth rates, stocks where the payback for investing is more immediate. Other investors, however, are more willing to believe in forecasts. They look forward over a long time horizon. They have conﬁdence in their ability to identify the potential of a company’s products in the future. These investors will own companies with higher future growth rates. In constructing a new framework for measuring and comparing investment styles, we can use a scale based on the growth rates of stocks in managers’ portfolios, from low to high, which reﬂects the time horizon managers use but is easier to measure. For this scale of growth, we suggest a 50% weighting of IBES Estimated 5-year growth plus a 50% weighting of historical sales growth (already Russell uses IBES Estimated 5-year Growth as one of its measures, and Prudential uses both IBES Estimated 5-year Growth and historic sales growth). In addition to this horizontal growth scale, we add a vertical scale to capture the trend of recent positive and negative changes in fundamentals (note this is based on earnings estimate data from vendors such as DAIS, Chicago Investment Analytics, IBES, Zacks, Columbine etc.). The resulting framework is presented in the Equity Style Map in Exhibit 7.14. This equity style map has several features: Horizon Axis: On the horizontal “Growth Axis,” Low Growth/ Short Horizon and High Growth/Long Horizon are the extremes that capture the relative optimism or skepticism of investors about the
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future. Over time, the median of the population of investors will shift to the right or left depending on the stability of the outlook. For example, in 1999, it probably shifted to the right as investors chased growth. However, in the mid-1990s (perhaps following the academic research highlighting “value” stocks) the median manager probably moved toward the left. Trend Axis: On the vertical “Trend Axis,” the extremes of Positive Change and Negative Change identify investors who are either trend followers or contrarians. Generally, however, only retail investors and a few quantitative investors would be at the upper or lower limits of Momentum or Contrarian Styles. At these extremes, analysis is primarily Technical rather than Fundamental. Thus, an ellipse is drawn to define the boundary of Fundamental Analysis, with pure Technical Analysis beyond its frontier. Analytical Tools: Several analytical tools are shown in Exhibit 7.14: a) Yield is a popular tool with many Deep Value investors. Resulting portfolios hold low growth stocks and often have a bias toward utilities, but also they may have stocks that have become particularly cheap because of negative fundamental changes (the highest yields sometimes come just before dividend cuts). EXHIBIT 7.14



Equity Style Map
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b) Book-to-Price and Earnings-to-Price have been popular screening tools, but they have several pitfalls: Earnings and Book Values of rapidly growing companies may be penalized by write-offs of advertising, R&D and goodwill; while capital intensive companies may be understating depreciation and overstating earnings and book values in periods when obsolescence is accelerating. c) EV/EBITDA (Enterprise Value/Earnings Before Interest, Taxes and Depreciation and Amortization) has grown in popularity among analysts. Because enterprise value is the sum of debt and equity, EV/ EBITDA is less sensitive to stock price movements than Book to Price or Earnings to Price, but the addition of interest and depreciation to pretax earnings causes a bias in favor of capital-intensive companies. d) Fundamental Catalysts are the precursors of change. While important, catalysts can be subtle, such as the election of a new board member or redesign of a product. Timing of investments is a challenge, since catalysts can precede price recoveries by months or years. e) DDM (Dividend Discount Models), CFROI (Cash Flow Return on Investment) and EVA (Economic Value Added) are several the popular quantitative valuation models. While they may be conceptually accurate, they suffer in practice from estimation difﬁculties. Discount models, for example, are extremely sensitive to estimates regarding the duration of growth, the fade rate of growth, the terminal growth rate and the discount rate. f) Earnings Surprises and Estimate Revisions are indicators of positive change occurring in analysts’ opinions of stocks. The power of Estimate Revisions, which measures rising or falling earnings estimates, has been conﬁrmed by studies in behavioral ﬁnance, which have found that analysts tend to “anchor” their estimates to their previous numbers and thus underreact to new information. Earnings Surprise, which is the difference between actual company reports and analysts’ estimates, has been helpful, but it may fall victim to the game between managements and analysts over quarterly estimates. While companies “talk down” expectations so they can report a positive surprise, analysts have begun to withhold their best estimates from published databases so they can tell their favored clients their higher “whisper” number. Recently, the market has become more volatile as a result of the SEC’s Fair Disclosure rule, which has prompted companies to reduce the ﬂow of information directly to analysts. Investment styles: Some current equity investment styles are shown in italics: a) Deep Value, Absolute Value, Traditional Value, and Yield-Based Value are the oldest value styles, which rely on relatively short forecasting horizons. Although challenged in the volatile market of 1999, they
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have delivered strong performance over many periods, particularly the late 1970s and early 1980s. b) Flexible Value and Relative Value are more moderate styles, which have performed somewhat better then Deep Value recently. They may seek bargains that are relatively cheap within industries and sectors or they may seek companies that are cheap relative to their own history. These approaches are effective in environments where “regression-tothe-mean” prevails, but it may underestimate the importance of market dominance in some industries. c) GARP (Growth at a Reasonable Price) is shown as a diagonal line moving down to the right. This style can buy stocks across a broad range of growth rates, but among higher growth rate stocks, it typically looks for cheapness. Unfortunately, some of these stocks are cheap for a reason: They suffer from negative change. d) Traditional Growth buys companies with a proven growth track record and bright prospects for the future. e) Earnings Momentum Growth places more emphasis on positive changes in fundamentals and will buy any stock if its outlook has become bright enough.



CONCLUSION Investors have been successful in recognizing when old valuation tools are no longer useful and in developing new tools to gain an edge over the “efﬁcient” market. Now it is time to develop new tools for looking at investors themselves and for understanding the differences in their styles. The traditional yardstick of value versus growth is ﬂawed. Growth is not the opposite of value, but rather an important element in it. Value and growth are not dead, but a new Equity Style Map provides an opportunity to measure investment mangers more precisely. It looks at the tools and approaches managers use today rather than focusing on old accounting measures, which are struggling to keep up with changing economics. Successful investors will lie in all quadrants of the Equity Style Map. There is room in institutional investing for investors who seek strong or weak current trends and who seek high or low growth, using long or short horizons. Rewards will go to those investors who adapt to changing conditions and learn where the opportunities lie faster than the market does.
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ealized investment returns vary with equity style. The realized returns on value stocks differs from those on growth stocks and the realized returns on small cap stocks differ from those on large cap stocks. But why do realized returns vary with equity style? There is much evidence about the cross-sectional association between particular stock characteristics and realized returns. Some of the characteristics that have received attention are book-to-market, market capitalization and beta,1 cash-ﬂow-to-price and past sales and



R



1



Eugene Fama and Kenneth French, “The Cross-Section Expected Stock Returns,” The Journal of Finance, 47 (June 1992), pp. 427–465; Eugene Fama and Kenneth French, “Common Risk Factors in the Returns on Stocks and Bonds,” The Journal of Financial Economics, 33 (1993), pp. 3–56; Josef Lakonishok, Andrei Shleifer, and Robert Vishny, “Contrarian Investment, Extrapolation and Risk,” The Journal of Finance, 49 (December 1994), pp. 1541–1578; Werner De Bondt and Richard Thaler, “Does the Stock Market Overreact?,” The Journal of Finance, 40 (July 1985), pp. 793–807; Werner De Bondt and Richard Thaler, “Further Evidence of Investor Overreaction,” The Journal of Finance, 42 (July 1987), pp. 557–581.
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earnings growth,2 and past returns.3 Although the empirical character of the associations is generally acknowledged, there is considerable disagreement about their causes. In this chapter, we consider the following three potential causes: 1. The differentials in realized returns by particular characteristics reﬂect data mining among the virtually inﬁnite number of available characteristics; 2. The differentials in realized returns by particular characteristics reﬂect differentials in risk where characteristics are associated with risk; and 3. The differentials in realized returns by particular characteristics result from cognitive errors committed by investors, where characteristics are associated with cognitive errors. While the three hypotheses might overlap, it is useful to think of them as offering distinct explanations for differentials in realized returns. The evidence we ﬁnd is most consistent with the cognitive errors hypothesis and least consistent with the risk-based hypothesis. The evidence is generally inconsistent with the data-mining hypothesis. A key aspect of this chapter is the use of both expectations about returns and realized returns to discriminate among the three hypotheses. The use of expectations about returns is critical because realized returns are notoriously noisy. Black argues that discriminating among the hypotheses is impossible with realized returns alone.4 He asserts that the Fama and French results on differentials in realized returns by book-to-market, market capitalization and beta are probably due to data mining. Since literally thousands of researchers are looking for proﬁt opportunities and since they are all looking at the same realized returns data, it is small wonder that they ﬁnd some characteristics that seem to have worked consistently in the past. “It is difﬁcult to overcome the problem of data mining because data on realized returns are limited and noisy.” Writes Black, “I don’t know how to begin designing tests that escape the data-mining trap.” We argue that we can escape the realized returns data-mining trap through an analysis of expectations about returns. 2



Lakonishok, Shleifer, and Vishny, “Contrarian Investment, Extrapolation and Risk.” 3 De Bondt and Thaler, “Does the Stock Market Overreact?” and “Further Evidence of Investor Overreaction.” 4 Fischer Black, “Beta and Return,” The Journal of Portfolio Management, 20 (Fall 1993), pp. 8–18.



The Style of Investor Expectations



197



We distinguish the term “expectations about returns” from the term “expected returns.” We used the term expected returns to denote true expected returns, that is, the ﬁrst moment of the true return distribution. We use the term expectations about returns to denote possibly erroneous expectations about returns by some investors. Our data on expectations about returns comes from two sources: 1) ratings by investment analysts tracked by the First Call Corporation; and 2) ratings by investment analysts and executives in surveys conducted by Fortune magazine. To see how data on expectations about returns might help us discriminate among the three hypotheses consider them in turn. In the ﬁrst hypothesis, differentials in realized returns are attributed to data mining among characteristics. We know that the relationship between some characteristics and realized returns is statistically signiﬁcant. If the relationship between the same characteristics and expectations about returns is not statistically signiﬁcant, then there is reason to suspect that the relationship between characteristics and realized returns is due to data mining. However, if the relationship between characteristics and expectations about returns is statistically signiﬁcant, then we should set aside data mining as an explanation for the relationship between characteristics and realized returns and turn to the other two hypotheses. In the second hypothesis, characteristics serve as proxies for risk. Characteristics, as such, do not play a role in determining expected returns in standard ﬁnancial theory. Rather, expected returns are determined by risk where ex ante beta, relative to a mean-variance benchmark portfolio, serves as the appropriate measure of risk. However, in practice betas are estimated from realized returns using proxies for a mean-variance portfolio. Ex post betas are biased by differences between the meanvariance portfolio and its proxies, they may be time varying, and they might not be well correlated with ex ante betas. Characteristics might serve as better proxies for risk if the correlation between them and ex ante betas is higher than the correlation between ex post betas and the ex ante betas. For a discussion of this, see Shefrin and Statman.5 The third hypothesis attributes the relationship between characteristics and realized returns to the cognitive errors of some investors, errors whose effect on expected returns is not eliminated by the trading actions of other investors. For example, if the relationship between a characteristic and expected returns is positive, then investors who expect a negative relationship between that characteristic and expected returns commit a cognitive error. 5



Hersh Shefrin and Meir Statman, “Behavioral Capital Asset Pricing Theory,” The Journal of Financial and Quantitative Analysis, 29 (1994), pp. 323–349.
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How might expectations about returns serve to discriminate between the risk hypothesis and the cognitive errors hypothesis? Suppose that both expectations about returns and realized returns are positively correlated with book-to-market. This, we argue, is consistent with the second hypothesis where high book-to-market proxies for high risk. If so, investors properly expect higher returns from high book-to-market stocks than from low book-to-market stocks because stocks with high book-to-market have higher risk. However, suppose that the expectations about returns are negatively correlated with book-to-market, even though realized returns are positively correlated with book-to-market. This, we argue, is consistent with the third hypothesis where investors expect, in error, higher returns from stocks with low book-tomarket than from stocks with high book-to-market. Subsequent return realizations give an advantage to stocks with high book-to-market and to investors who understand that there is, in fact, a positive relationship between expected returns and book-to-market. The evidence we ﬁnd is most consistent with the cognitive errors hypothesis. For example, we ﬁnd a statistically signiﬁcant relationship between book-to-market and realized returns and also a statistically signiﬁcant relationship between book-to-market and expectations about returns. This is inconsistent with the data-mining hypothesis. But while the relationship between book-to-market and realized returns is positive, the relationship between book-to-market and expectations about returns is negative. This is inconsistent with the risk hypothesis. Both ﬁndings are consistent with the cognitive errors hypothesis.



DATA AND METHODOLOGY The cross-sectional variation in realized returns of characteristics such as book-to-market, past sales growth, and past returns is well known. Do expectations about returns feature the same cross-sectional variation? We use two sources of data to answer this question; one is First Call Corporation, and the other is Fortune magazine. We proceed in three stages. First, we examine whether the cross-sectional variation in realized returns in our data is similar to that found by Fama and French, Lakonishok, Shleifer and Vishny, and De Bondt and Thaler. Second, we examine the corresponding cross-sectional variation in expectations about returns. Third, we compare the cross-sectional variation in realized returns to the cross-sectional variation in expectations about returns. First Call Corporation provided us with data on investment analyst recommendations. As described in Womack, First Call collects the daily
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commentary of portfolio strategists, economists, and investment analysts at most brokerage ﬁrms in the U.S.and abroad, and provides it to investors through an online system.6 First Call generates a new record for each stock whenever an investment analyst revises his or her recommendation on the stock. Analysts rate stocks on a scale that ranges from Buy to Sell. Intermediate recommendations are Buy/Hold, Hold, and Hold/Sell. First Call places these on a scale from 1 through 5 respectively. However, we ﬁnd it more convenient to use an inverted scale in which “Buy” corresponds to a 5, and “Sell” corresponds to a 1. Our First Call data contain recommendations for 5,159 stocks over the period from 1993 through 1995. Because the data collected prior to 1994 are incomplete, we restrict our attention to the years 1994 and 1995. We focus on the mean Analyst Rating associated with each stock; that is, the average numerical rating of all analysts who issue a recommendation on the stock. Fortune magazine has been conducting an annual survey of perceptions of company quality since 1982. The Fortune respondents are analysts and executives (i.e. managers and members of boards of directors). Although the Fortune survey includes a broad range of industries and the number of companies has grown over time, the survey includes far fewer companies than the First Call data. The 1982/83 survey, conducted in 1982 and published in 1983, included 200 companies, while the 1995/96 survey included 421 companies. Fortune asks respondents to rate companies on a scale from zero (poor) to 10 (excellent) on eight attributes: quality of management; quality of products or services; innovativeness; value-as-a-long-term-investment; ﬁnancial soundness; ability to attract, develop, and keep talented people; responsibility to the community and the environment; and wise use of corporate assets. We focus on the mean rating on between Value-as-a-Long-Term-Investment. The Fortune surveys are distributed after Labor Day of each year, collected in September through December, and published early in the following calendar year (usually February). We obtained the survey results from Occam Research, Inc., which managed the data for Fortune. The data provide an average score for each company, for each of the eight attributes. For surveys conducted from 1984 onwards, the Fortune data include separate scores for analysts and for executives. Analysts and executives in the Fortune survey have similar assessments of Value-as-a-Long-Term-Investment. Regressions of executives’ Value-asa-Long-Term-Investment on analysts’ between Value-as-a-Long-TermInvestment have positive and statistically signiﬁcant slopes every year. 6
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The t-statistics range from 21 to 33 and the adjusted R2 range from 0.61 to 0.78. The realized returns period covered in our study extend from the end of September 1982 to the end of September 1995. To match the First Call data with the Fortune data, we observe the First Call recommendations as they exist at the end of September. The end of September is the time when the Fortune respondents begin returning their completed surveys to Fortune. The characteristics used in our analysis are the logarithm of bookto-market, the logarithm of market capitalization, beta, cash-ﬂow-toprice, earnings-to-price, sales growth over the preceding six years, earnings growth over the preceding six years, returns over the preceding 36 months and returns over the preceding 12 months. We examine returns for the subsequent 12 months. The characteristics as of the end of September of each survey year were obtained from COMPUSTAT. COMPUSTAT does not include data for all companies. Some of the companies in the Fortune survey are private companies or subsidiaries of other companies. For example, 156 out of the 200 companies in the 1982/83 Fortune survey appear in COMPUSTAT. For the 1995/ 96 Fortune survey, the numbers are 335 out of 421. For earnings we use income before extraordinary items and discontinued operations over the preceding four quarters. The numerator of cash-ﬂow-to-price is the sum of cash ﬂow over the preceding four quarters and annual depreciation. We estimate sales growth as the slope of the regression of the logarithm of annual sales on time; similarly for earnings growth. We use estimates of beta and standard deviation of returns, based upon the preceding 60 months of data, as of the end of September of each year, from Merrill Lynch Security Risk Evaluation. There are 3,934 observations in the Fortune cross-sectional time series over the entire time period from the 1982/83 through the 1995/96 surveys. The First Call data contain 4,469 stocks with analyst recommendations in 1994, and 3,927 stocks in 1995. A subset of 3,885 stocks in 1994 and 3,926 stocks in 1995 appear in COMPUSTAT. There are two return outliers in our data. They are stocks of companies that have emerged from bankruptcy and had returns higher than 1,000 percent per year. Because we could not ﬁnd evidence of trading activity in these stocks in the period immediately preceding these returns, we have omitted these two observations from our analysis. We consider both the First Call Analyst Rating and the Fortune Value-as-a-Long-Term-Investment as proxies for expectations about returns. Expectations might be about raw returns or about risk adjusted returns, and we will discuss the distinction between the two later. Consider a stock that a First Call analyst rated as a Buy. We infer from the rating that the analyst had higher expectations about the returns of this
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stock than about the returns of a stock that the analyst rated as a Buy/ Hold or as a Hold. A similar statement applies to the Fortune Value-as-aLong-Term-Investment. However, both the First Call Analyst Rating and the Fortune Value-as-a-Long-Term-Investment are ordinal measures of expectations about returns, not cardinal measures. Moreover, there is reason to believe that the analyst recommendations tracked by First Call are biased. A study by Michaely and Womack reports that analysts appear to bias their recommendations of IPOs upward if they are employed by the investment banking ﬁrms which underwrote the IPOs.7 This ﬁnding has recently escalated to the status of a major problem with high visibility. While the Fortune data include fewer companies than the First Call data, they have three advantages over the First Call data. First, the Fortune data are free of the bias that affects the First Call data. Second, the Fortune data are available for a longer time period; the Fortune data are available from 1982 through 1995, while the First Call data are available only for 1994 and 1995. Third, the Fortune data are recorded on an 11-point scale, rather than the 5-point scale of the First Call data. The higher gradation in the Fortune data improves accuracy. The Fortune data also has disadvantages. First, the Fortune respondents have no monetary incentive to report their ratings accurately. For example, respondents might make their task easy by assigning each company the same rating on all eight characteristics. However, as noted earlier, this is not the case. The correlations between the mean ratings of the characteristics vary and they display a pattern that is consistent from year to year. A second disadvantage of the Fortune data is that Fortune does not furnish a deﬁnition of Value-as-a-Long-Term-Investment as it administers its survey. However, Clark, Martire and Bartolomeo, who conducted the Fortune survey state that Value-as-a-Long-Term-Investment stands for expectations about stock returns. Recent research by Shefrin, based on survey evidence, notes that Value-as-a-Long-Term-Investment is highly correlated with return expectations.8 The First Call data and Fortune data are individually good, but not perfect, proxies for expectations about returns. Their combination in our study leads to a better overall proxy. When the two proxies are available from the same period, they generally point in the same direc7



Roni Michaely and Kent Womack, “Conflict of Interest and the Credibility of Underwriter Analyst Recommendations,” The Review of Financial Studies 12 (1999), pp. 653–686. 8 Hersh Shefrin, “Do Investors Expect Higher Returns From Safer Stocks Than From Riskier Stocks?” The Journal of Psychology and Financial Markets, 2 (2001), pp. 176–181.
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tion. Consider the 1994/95 Fortune survey and the corresponding First Call data. For 1995/96 there are 284 such companies. The correlation between the Fortune Value-as-a-Long-Term-Investment and the First Call Analyst Rating is 0.32 for 1994/95 and 0.47 for 1995/96.



CROSS-SECTIONAL VARIATION IN REALIZED RETURNS Our analysis is based on a comparison of the cross-sectional variation in expectations about returns with the cross-sectional variation in realized returns. As noted earlier, cross-sectional variation in realized returns has been studied by Fama and French, Lakonishok, Shleifer and Vishny, and De Bondt and Thaler. In this section we describe the key features of the crosssectional variation in realized returns as they are manifested in our data. We measure realized returns over 12-month periods, where each year begins in October. Our realized-returns data are from the beginning of October 1982 through the end of September 1995. We denote the year from the beginning of October 1982 through the end of the September 1983 as 1982/83 and apply the same convention to other years. We focus ﬁrst on the characteristic of market capitalization, book-to-market and beta which play a role in the Fama and French study. Fama and French found a negative and statistically signiﬁcant relationship between market capitalization and returns during the subsequent 12 months, a positive and statistically signiﬁcant relationship between book-to-market and subsequent returns and no statistically signiﬁcant relationship between beta and subsequent returns. Using pooled cross-sectional time series regression on the Fortune survey list of companies, consistent with Fama and French we ﬁnd a positive and a statistically signiﬁcant relationship between book-to-market and subsequent returns. However, unlike Fama and French, we ﬁnd no statistically signiﬁcant relationship between market capitalization and subsequent returns shown in Exhibit 8.1. In addition, we ﬁnd a statistically signiﬁcant relationship between beta and returns during the subsequent returns, but it is negative. The lack of a signiﬁcant relationship between market capitalization and subsequent returns in the period we study is noted by many. In particular, Black noted it as testimony to the large amount of noise in realized returns and as a cautionary tale about the dangers of data mining. Indeed, the year by year relationship between market capitalization and returns during the subsequent 12 months is further testimony to the large amount of noise in realized returns. The relationship between market capitalization and returns during the subsequent 12 months in 1982/
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83 and 1993/93 groups is negative and statistically signiﬁcant, but it is positive and statistically signiﬁcant for the 1989/90 and 1994/95 groups. And while there is generally a positive relationship between book-to-market and subsequent returns, that relationship is negative and statistically signiﬁcant for the 1989/90 group. Next, consider the characteristics of cash-ﬂow-to-price and salesgrowth over the preceding six years, discussed by Lakonishok, Shleifer, and Vishny (LSV) along with the characteristics of market capitalization and book-to-market. LSV ﬁnd a positive relationship between cashﬂow-to-price and subsequent returns, a negative relationship between sales growth over the preceding six years and subsequent returns, a negative relationship between market capitalization and subsequent returns and a positive relationship between book-to-market and subsequent returns. Again using pooled cross-sectional time series regression, we ﬁnd relationships consistent with those found by LSV for book-to-market and sales-growth, but not for market capitalization or cash-ﬂow-toprice shown in Exhibit 8.2. EXHIBIT 8.1



The Relationship Between Return in the Following Year and Market Capitalization, Book-to-Market and Beta Fortune Survey Year



Intercept



Market Capitalization



Book-toMarket



Beta



Adjusted R-squared



1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled***



+82.19** –7.95 +43.59** +55.52** +23.13 +16.27 +92.04** –61.03** –16.97* –1.87 +80.36** +16.02 –38.27** –4.80 +22.08**



–5.75* +1.60 –2.40 –1.11 +2.36 –1.70 –2.63 +5.98** +1.17 +0.83 –4.02* –0.65 +7.69** +0.92 +0.18



+13.73** +7.91* –3.22 –0.91 –4.29 +1.45 +14.77** –15.93** –1.42 –3.16 +21.13** +6.21* +7.68** –13.50** +7.10**



+9.97 +0.11 –7.55** –12.75* –1.76 –10.64* –30.17* –17.46* +14.57 +3.79 –9.61 +1.39 +3.53 +2.49 –3.06**



0.17 0.02 0.02 0.02 0.00 0.05 0.09 0.34 0.05 0.00 0.21 0.02 0.11 0.11 0.05



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level. ***Pooled cross-sectional time series regression.
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Team-Fly®



+88.08* –26.95 +26.69 +43.56 +74.66** +54.74** +33.43 –35.15 –3.59 –3.59 +82.40** +5.07 –63.34** +14.72 +35.40**



1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled



–6.31** +1.29 –1.20 –0.02 +1.05 –2.28 +1.99 +5.88** +0.46 +0.46 –3.89* –0.83 +7.22** +1.31 –0.59



Market Capitalization



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level.



Intercept



Fortune Survey Year +16.51** +6.36* –4.15 –0.97 –6.35 +2.72 –9.92* –16.62** –1.87 –1.87 –5.15 +5.69* +7.97** –15.33** +6.38**



Book-toMarket 0.16 0.05 −0.01 0.00 0.02 0.06 0.38 0.32 0.00 0.00 0.11 0.06 0.11 0.14 0.06



AM FL Y



+9.26 +13.74 −0.63 −6.68 −43.39** −40.78** −35.23 −41.72** +7.92 +7.92 −45.37** +8.57 +31.48 −19.07 −9.78*



−7.13 +28.24** −1.80 −16.73 +25.10 −8.99 +55.19** +8.90 −1.96 −1.96 +52.11** +28.69** −0.35 −16.56** +0.00



TE



Sales Growth



Cash-Flowto-Price Adjusted R-squared



The Relationship Between Return in the Following Year and Market Capitalization, Book-to-Market, Cash-Flow-to-Price and Sales Growth



EXHIBIT 8.2



205



The Style of Investor Expectations



EXHIBIT 8.3



The Relationship Between Return in the Following Year and Return Over the Preceding 36 Months Fortune Survey Year



Intercept



Return Over the Preceding 36 Months



Adjusted R-squared



1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled



+58.02** +0.79 +12.84** +23.29** +48.85** –12.86** +28.77** –26.37** +8.02** +13.33** +29.26** +9.76** +25.44** +15.10** +20.91**



–0.87** +0.04 +0.20* +0.40** –0.31* +0.05 –0.04 +0.31** +0.14* –0.06 –0.65** –0.14* –0.08 +0.18 –0.28**



0.14 0.00 0.02 0.03 0.01 0.00 0.00 0.04 0.01 0.00 0.05 0.01 0.00 0.02 0.23



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level.



Last, consider the relationship between “winner” stocks, “loser” stocks and realized returns. De Bondt and Thaler ﬁnd that winner stocks, stocks with high returns over the preceding 36 months, had low returns during the subsequent 12 months. We ﬁnd, consistent with De Bondt and Thaler, a statistically signiﬁcant negative relationship between returns over the preceding 36 months and returns in the subsequent 12 months shown in Exhibit 8.3. In summary, we ﬁnd that the cross-sectional variation of realized returns for our sample is generally similar to the variation found by Fama and French, Lakonishok, Shleifer, and Vishny, and De Bondt and Thaler. There is a positive relationship between book-to-market and subsequent returns. There is also a positive relationship between sales growth and subsequent returns. There is a negative relationship between returns over the preceding 36 months and subsequent returns. However, there is no statistically significant relationship between market capitalization and subsequent returns.
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CROSS-SECTIONAL VARIATION IN EXPECTATIONS ABOUT RETURNS We ﬁnd, for the Fortune data, that stocks with high book-to-market provided higher subsequent returns than stocks with low book-to-market. Do the Fortune respondents rank stocks with high book-to-market higher on Value-as-a-Long-Term-Investment than they rank stocks with low book-to-market? No. Indeed, in each of the Fortune surveys, from 1982/83 through 1995/96, there is a negative and statistically signiﬁcant relationship between book-to-market and Value-as-a-Long-Term-Investment (see Shefrin and Statman).9 Book-to-market is one of the characteristics studied by Fama and French. The other two are market capitalization and beta. Fama and French ﬁnd a positive and statistically signiﬁcant relationship between book-to-market and subsequent returns, a negative and statistically significant relationship between subsequent returns and market capitalization and no statistically signiﬁcant relationship between beta and subsequent returns. In contrast, we ﬁnd a year-by-year consistent and statistically signiﬁcant negative relationship between book-to-market and Value-as-aLong-Term-Investment, a year-by-year statistically signiﬁcant positive relationship between market capitalization and Value-as-a-Long-TermInvestment and no statistically signiﬁcant relationship between beta and Value-as-a-Long-Term-Investment, shown in Exhibit 8.4. The Fortune respondents rate stocks by Value-as-a-Long-Term-Investment as if they believe that stocks with low book-to-market and large market capitalization have high Value-as-a-Long-Term-Investment, but they rate stocks by Value-as-a-Long-Term-Investment as if they are indifferent to beta. Now consider a regression that captures the relationship between Value-as-a-Long-Term-Investment and characteristics studied by Lakonishok, Shleifer and Vishny. As shown in Exhibit 8.5, the coefﬁcient of book-to-market is negative and statistically signiﬁcant while the coefﬁcients of market capitalization and sales growth over the period six years are positive and statistically signiﬁcant. The coefﬁcient of cashﬂow-to-price is not statistically signiﬁcant. Finally, consider the relationship between Value-as-a-Long-TermInvestment and past stock returns, a characteristic studied by De Bondt and Thaler. In Exhibit 8.6 we ﬁnd year-by-year consistent positive and statistically signiﬁcant relationships between returns over the preceding 36 months and Value-as-a-Long-Term-Investment; winner stocks are rated higher on Value-as-a-Long-Term-Investment than loser stocks. 9



Hersh Shefrin and Meir Statman, “Making Sense of Beta, Size and Book-to-Market,” The Journal of Portfolio Management, 21 (1995), pp. 26–34.
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EXHIBIT 8.4



The Relationship Between Ratings on Fortune’s Value-as-a-LongTerm-Investment and Market Capitalization, Book-to-Market and Beta Fortune Survey Year



Intercept



Market Capitalization



Book-toMarket



Beta



Adjusted R-squared



1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled



+3.11** +2.54** +3.13** +3.06** +3.04** +3.52** +3.67** +3.37** +3.61** +3.02** +2.97** +3.16** +3.41** +2.52** +3.47**



+0.34** +0.44** +0.38** +0.38** +0.36** +0.30** +0.29** +0.32** +0.27** +0.33** +0.33** +0.28** +0.32** +0.39** +0.31**



–0.90** –0.80** –1.03** –0.93** –0.75** –0.56** –0.60** –0.62** –0.66** –0.66** –0.55** –0.62** –0.26** –0.29** –0.54**



+0.32* –0.09 –0.11 –0.13 –0.04 –0.09 +0.04 +0.05 +0.18 +0.02 +0.10 +0.14 –0.10 +0.08 –0.05



0.46 0.49 0.56 0.46 0.39 0.33 0.33 0.39 0.44 0.48 0.42 0.29 0.24 0.39 0.36



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level.



What are the patterns of the recommendations of the First Call analysts? In regressions of the First Call Analyst Rating on book-to-market, market capitalization and beta, for 1994 and 1995, we ﬁnd a negative and statistically signiﬁcant relationship between book-to-market and Analyst Rating, but the relationships between Analyst Rating and market capitalization and beta are not statistically signiﬁcant. The First Call analysts, like the Fortune respondents, recommend stocks as if they prefer stocks with low book-to-market over stocks with high book-to-market and, like the Fortune respondents, they recommend stocks as if they are indifferent to beta. But, unlike the Fortune respondents, the First Call analysts recommend stocks as if they are also indifferent to market capitalization. As to the characteristics studied by Lakonishok, Shleifer and Vishny, we ﬁnd that the coefﬁcient of book-to-market on Analyst Rating is negative and statistically signiﬁcant and the coefﬁcient for sales growth over the preceding six years is positive and statistically signiﬁcant. However, the coefﬁcients of market capitalization and cash-ﬂow-toprice are not statistically signiﬁcant. The First Call analysts recommend stocks as if they prefer stocks with low book-to-market and high salesgrowth over the preceding six years over stocks with high book-to-market and low sales-growth over the preceding six years.
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+0.39 +0.37 +2.83** +2.33** +2.31** +2.02** +1.84** +0.19 +2.43** +2.09** +1.90** +1.32* +0.10 +0.62 +1.61**



1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled



+0.33** +0.45** +0.38** +0.35** +0.37** +0.29** +0.31** +0.32** +0.30** +0.29** +0.29** +0.24** +0.33** +0.37** +0.31**



Market Capitalization



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level.



Intercept



Fortune Survey Year –0.89** –0.74** –1.04** –1.01** –0.66** –0.57** –0.62** –0.64** –0.69** –0.78** –0.74** –0.56** –0.27** –0.45** –0.59**



Book-toMarket +0.45** –0.42 –0.07 +0.51* –0.60* –0.62** +0.15 –0.14 –0.11 –0.34 +0.10 –0.69* –0.13 +0.33 –0.01



Cash-Flowto-Price +2.61** +1.87** +0.15 +0.61 +0.64 +1.41** +1.52** +2.92** +1.06* +1.15** +1.24** +2.29** +3.00** +1.86** +1.59**



Sales Growth 0.53 0.54 0.56 0.47 0.43 0.41 0.36 0.47 0.50 0.53 0.47 0.34 0.38 0.49 0.41



Adjusted R-squared



The Relationship Between Ratings on Fortune’s Value-as-a-Long-Term-Investment and Market Capitalization, Book-toMarket, Cash-Flow-to-Price and Sales Growth



EXHIBIT 8.5
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EXHIBIT 8.6



The Relationship Between Ratings on Fortune’s Value-as-a-Long-TermInvestment and Return Over the Preceding 36 Months Fortune Survey Year



Intercept



Return Over the Preceding 36 Months



Adjusted R-squared



1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled



+5.71** +5.72** +5.62** +5.42** +5.52** +5.25** +5.68** +5.83** +6.25** +5.59** +5.80** +5.87** +6.08** +5.95** +5.78**



+0.03** +0.02** +0.02** +0.02** +0.04** +0.03** +0.03** +0.03** +0.05** +0.05** +0.04** +0.01** +0.01** +0.02** +0.02**



0.15 0.10 0.10 0.10 0.33 0.28 0.22 0.20 0.41 0.51 0.39 0.06 0.03 0.08 0.15



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level.



Last, consider the effect of returns over the preceding 36 months, the key variable in the De Bondt-Thaler framework. The coefﬁcient is positive and statistically signiﬁcant. The First Call analysts make their recommendations as if they prefer winner stocks over loser stocks. Although each data set suffers from imperfections, the combination of the Fortune and the First Call sets allows us to remedy key weaknesses. Most importantly, both sets lead to the same general characterization of the cross-sectional variation in expectations about stock returns. First, the two data sets are consistent; the correlation between Analyst Rating and Value-as-a-Long-Term-Investment is positive and statistically signiﬁcant. Second, the relationship between expectations about stock returns measured by either Value-as-a-Long-Term-Investment or Analyst Rating and book-to-market is always negative and statistically signiﬁcant. Third, the relationship between Analyst Rating or Value-as-a-Long-Term-Investment and returns over the preceding 36 months is always positive, and almost always statistically signiﬁcant. The same applies to sales growth over the preceding six years. With the exception of one year, there is no statistically signiﬁcant relationship
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between Value-as-a-Long-Term-Investment and beta or Analyst Rating and beta. The one point where Analyst Rating is at odds with Value-asa-Long-Term-Investment is the coefﬁcient for market capitalization. Although the coefﬁcient is uniformly positive and statistically signiﬁcant in the Value-as-a-Long-Term-Investment regression, it is negative although not statistically signiﬁcant in the Analyst Rating regression.



COMPARING EXPECTATIONS ABOUT RETURNS TO REALIZED RETURNS The central question of this chapter is whether analysis of expectations about returns can help us explain differentials in realized returns. We report two ﬁndings. First, we ﬁnd that the relationships between characteristics and realized returns in our data are generally similar to those found in earlier work. For example, we ﬁnd a positive and statistically signiﬁcant relationship between book-to-market and realized returns. Second, we ﬁnd that, in general, when there is a statistically signiﬁcant relationship between a characteristic and realized returns there is also a statistically signiﬁcant relationship between the characteristic and expectations about returns. But the sign of the relationship between a characteristic and realized returns is, in general, the opposite of the sign of the relationship between the characteristic and expectations about returns. The fact that most investors are wrong in their expectations about stock returns does not necessarily imply an effect on the equilibrium levels of expected returns. It is possible that “arbitrage” by information traders nulliﬁes the trading actions of noise traders. However, as we discuss later, the power of arbitrage is limited. If so, the erroneous expectations of investors might well be reﬂected in the equilibrium levels of expected returns. In this section we explore the implications of these ﬁndings, taking each hypothesis in turn. If the cross-sectional variation in realized returns is the result of data mining then we should also ﬁnd that, in general, characteristics which explain the cross-sectional variation in realized returns do not explain the cross-sectional variation in expectations about returns. But this is not the common case. The common case is that of book-to-market. There is a statistically signiﬁcant relationship between book-to-market and subsequent returns and there is also a statistically signiﬁcant relationship between book-to-market and Value-asa-Long-Term-Investment and book-to-market and Analyst Rating. This common ﬁnding is inconsistent with the data-mining hypothesis.
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As we move from the data-mining hypothesis to the risk hypothesis, we need to specify a model for risk. Note that expectations about returns might be expectations about raw returns or expectations about risk adjusted returns. Which risk do they incorporate if they are expectations about risk-adjusted returns? We explore two models. The ﬁrst is the CAPM (capital asset pricing model). The second is a risk proxy model, in which characteristics, such as market capitalization and bookto-market, proxy for risk, as argued by Fama and French. If the Fortune respondents measure risk by beta and Value-as-aLong-Term-Investment is a measure of expectations about risk-adjusted returns, we should ﬁnd no statistically signiﬁcant relationship between beta and Value-as-a-Long-Term-Investment according to the risk hypothesis. This is because in a market where stocks are priced by the CAPM, stocks with high beta are priced correctly and so are stocks with low beta. Indeed, this is what we ﬁnd; there is no statistically signiﬁcant relationship between beta and Value-as-a-Long-Term-Investment. However, if the CAPM is the model governing expectations about returns, we should also ﬁnd no statistically signiﬁcant relationship between market capitalization and Value-as-a-Long-Term-Investment and no statistically signiﬁcant relationship between book-to-market and Value-as-aLong-Term-Investment. However, this is not what we ﬁnd. Instead, we ﬁnd year-by-year consistent and statistically signiﬁcant relationships between market capitalization and Value-as-a-Long-Term-Investment and year-by-year consistent and statistically signiﬁcant relationships between book-to-market and Value-as-a-Long-Term-Investment. Thus, if differentials in expectations about returns are due to differentials in risk, that risk is not beta risk and the model is not the CAPM. We hasten to acknowledge the usual qualiﬁcations that a proxy of the market portfolio, such as the S&P 500 Index, may not be adequate proxy for a proper test of CAPM, as noted by Fama and French. The relationship between characteristics and Analyst Rating is generally similar to the relationship between characteristics and Value-as-aLong-Term-Investment, but the two are not identical. While there is no statistically signiﬁcant relationship between beta and Value-as-a-LongTerm-Investment, there is a positive relationship between beta and Analyst Rating. Do First Call analysts recommend stocks based on expectations about raw returns and consider the CAPM beta as proper measure of risk? If so, they expect higher raw returns for high beta stocks that for low beta stocks. However, if the model by which the First Call analysts assess risk is the CAPM, we should not ﬁnd a statistically signiﬁcant negative relationship between book-to-market and Analyst Rating. But this is the relationship that we ﬁnd. In summary, neither the relationship
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between characteristics and Value-as-a-Long-Term-Investment nor the relationships between characteristics and Analyst Rating are consistent with the risk hypothesis where risk is modeled as in the CAPM. So we turn to the risk proxy model. Fama and French argued that book-to-market and market capitalization proxy for risk that is not captured by beta. Imagine that they are correct, and assume that Value-as-a-Long-Term-Investment serves as a measure of expectations about risk-adjusted returns. If the risk that the Fortune respondents consider is proxied by book-to-market and market capitalization then we should expect to ﬁnd no statistically signiﬁcant relationship between market capitalization and Value-as-a-Long-TermInvestment and no statistically signiﬁcant relationship between book-tomarket and Value-as-a-Long-Term-Investment. Yet as we have seen, both the relationship between market capitalization and Value-as-aLong-Term-Investment and the relationship between book-to-market and Value-as-a-Long-Term-Investment are statistically signiﬁcant. Similarly, there is a statistically signiﬁcant relationship between book-tomarket and Analyst Rating. Fama and French conjecture that book-to-market might serve as a better proxy for risk than beta because book-to-market is highly correlated with risk associated with ﬁnancial distress. The Fortune data includes one measure, Financial Soundness, which can be interpreted as a measure of the reciprocal of ﬁnancial distress. There is indeed a negative relationship between Financial Soundness and book-to-market. However, if investors believe, as Fama and French conjecture, that stocks with low ﬁnancial soundness (that is, “risky” stocks) have high expected returns, we should ﬁnd a negative relationship between Valueas-a-Long-Term-Investment and Financial Soundness. But we ﬁnd a positive and statistically signiﬁcant relationship between the two. The correlation coefﬁcient is 0.93. Therefore, we reject the conjecture that investors expect higher returns from stocks of companies that are ﬁnancially distressed.



COGNITIVE ERRORS AND THE CROSS-SECTION OF REALIZED RETURNS The evidence we ﬁnd is inconsistent with both the data-mining hypothesis and the risk hypothesis. Is it consistent with the cognitive errors hypothesis? The cognitive errors hypothesis attributes the relationship between characteristics and realized returns to cognitive errors of investors who have high expectations about returns of stocks that, in fact,
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have low expected returns. The ranking of stocks by the Fortune respondents is consistent with the cognitive errors hypothesis. As shown in Exhibit 8.7, the relationship between Value-as-a-Long-Term-Investment and realized returns over the period from 1982/83 through 1995/96 is negative and statistically signiﬁcant. That is, stocks rated highest by the Fortune respondents produced the lowest realized returns. While the relationship between Value-as-a-Long-Term-Investment and realized returns is negative for the overall period, it is positive for many years during the period. This frequent switching in signs is further testimony to the noise in realized returns and the need for caution in interpreting results based on realized returns. In contrast to the low consistency of realized returns, there is a high consistency in expectations about returns. The relationship between Value-as-a-Long-Term-Investment and characteristics is remarkably stable from year to year; characteristics that are positively correlated with value as a long-term investment in one year are almost always positively correlated with between Value-as-a-Long-Term-Investment in all years. EXHIBIT 8.7 The Relationship Between Return Over the Following Year and Ratings on Fortune’s Value-as-a-Long-Term-Investment Fortune Survey Year 1982/83 1983/84 1984/85 1985/86 1986/87 1987/88 1988/89 1989/90 1990/91 1991/92 1992/93 1993/94 1994/95 1995/96 Pooled



Intercept



Value-as-aLong-Term Investment



Adjusted R-squared



+131.23** –10.20 +0.37 +3.35 +46.23** –11.62 +31.83 –95.43 –17.78 +10.83 +86.07** +43.43** +3.65 –18.57 +25.40**



–13.32** +1.92 +2.82 +4.93* –0.47 +0.06 –0.24 +11.68** +4.08** +0.16 –9.91** –5.90** +3.20* +5.96** –1.49



0.16 0.00 0.01 0.02 0.00 0.00 0.00 0.20 0.08 0.00 0.06 0.04 0.01 0.05 0.00



*Statistically significant at the 0.05 level. **Statistically significant at the 0.01 level.
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The analysis of expectations about returns indicates that these expectations are erroneous. Characteristics correlated with expectations about returns are also correlated with realized returns. But the sign of the correlations between characteristics and expectations about returns are almost always the opposite of the correlation between characteristics and realized returns. So, for example, while there is a positive and statistically signiﬁcant relationship between book-to-market and realized returns, there is a negative and statistically signiﬁcant relationship between book-to-market and Fortune’s expectations about returns. The relationship between First Call Analyst Rating and characteristics is similar to the relationship between Fortune’s Value-as-a-LongTerm-Investment and characteristics, indicating that the cognitive errors reﬂected in Value-as-a-Long-Term-Investment are also reﬂected in Analyst Rating. If most Fortune respondents and most First Call analysts err in their expectations about returns, what is the nature of the errors that they commit? Following Solt and Statman, we argue that investors err by identifying good stocks as stocks of good companies. Representativeness is the likely culprit.10 Kahneman and Tversky wrote about representativeness, a common cognitive error.11 To understand the nature of representativeness, consider the following experiment by Kahneman and Tversky. Subjects were given the following description of Jack drawn at random from a population of lawyers and engineers: Jack is a 45-year-old man. He is married and has four children. He is generally conservative, careful, and ambitious. He shows no interest in political and social issues and spends most of his free time on his many hobbies which include home carpentry, sailing, and mathematical puzzles. They were then asked to indicate the probability that Jack is an engineer. One group of subjects was told that the population contained 30 engineers and 70 lawyers. The other group was told that the population contained 70 engineers and 30 lawyers. Kahneman and Tversky found that the indicated probability that Jack is an engineer was not affected by the “base rate,” the proportion of engineers in the population; the indicated probability that Jack is an engineer given that there are only 30 engineers in the population did not differ signiﬁcantly from the indicated probability that 10 Michael Solt and Meir Statman, “How Useful is the Sentiment Index?” Financial Analysts Journal (1988), pp. 45–55. 11 Daniel Kahneman and Amos Tversky, “On the Psychology of Prediction,” Psychological Review, 80 (1973), pp. 237–251.
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Jack is an engineer given that there are 70 engineers in the population. This is inconsistent with Bayes’ rule.12 Kahneman and Tversky argue that the subjects reach their conclusions by considering the degree to which Jack is similar to or representative of an engineer, ignoring the proportion of engineers in the population. We argue that representativeness leads investors to identify good stock as stocks of good companies, ignoring the evidence that the proportion of stocks of good companies that do well is smaller than the proportion of stocks of bad companies that do well. Suppose that most investors are conventional investors who believe, erroneously, that good stocks are stocks of good companies. But surely not all investors are “conventionals.” Contrarian investors overcome cognitive biases and conclude, correctly, that good stocks are generally stocks of bad companies. Would contrarians not nullify through arbitrage the effect of conventionals on security prices? If the effects of conventionals on stock prices are nulliﬁed, risk adjusted expected returns to stocks of good companies will be no different from risk adjusted expected returns to stocks of bad companies. However, if arbitrage is incomplete, risk adjusted expected returns to stocks of bad companies will exceed risk adjusted expected returns to stocks of good companies. As we consider arbitrage and the likelihood that it would nullify the effects of the preferences of conventionals on security prices, we should note that no perfect (risk-free) arbitrage is possible here. To see the implications of imperfect arbitrage, imagine contrarians who receive reliable, but not perfect, information that the expected return of a particular stock is higher than the expected return as reﬂected in the current price of the stock. It is optimal for contrarians to increase their holdings of the particular stock, but as the amount devoted to the stock increases, their portfolios become less diversiﬁed as they take on more unsystematic risk. The increase in risk leads contrarians to limit the amount allocated to the stock, and with it, limit their effect on its price. The ability of arbitrage to nullify the effect of the preferences of conventionals on stock returns can increase in two ways. First, there might be many contrarians with much wealth and the combined effect of their trades might be sufﬁcient to nullify the effect of the preferences of conventionals on security prices. However, contrarians are in a minority. Second, contrarians might increase their effect on stock prices by becoming money managers for conventionals. As money managers they can leverage their effect on stock prices by investing funds provided by conventionals. However, we contend that aversion to regret limits the effectiveness of money management as a mechanism for arbitrage. Kahne12



In unpublished research, Shefrin has replicated this study and finds that while proportions in the population is not ignored, they are severely underweighted.
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man and Tversky describe regret as the pain that come with the realization, ex post, that a choice has turned out badly.13 The regret potential of a choice of a stock is a function of two elements, the quality of the company and the share of responsibility for the choice. Consider ﬁrst conventionals who choose stocks on their own, without the help of money managers. The loss on a stock of a good (i.e., growth) company is an “Act of God.” However, the choice of a stock of a bad (i.e., value) company involves “going out on a limb,” and potential for regret is high. Thus, aversion to regret reinforces the cognitive errors that lead conventionals to prefer stocks of good companies to stocks of bad companies. Now consider money managers. While the choice of stocks of good companies is a way to reduce regret potential, an alternative is to transfer the responsibility for choice to a money manager. Money managers might use their authority over client funds to tilt the portfolios of conventionals towards stocks of bad companies, thereby facilitating arbitrage. However, the willingness of money managers to tilt their portfolios towards stocks of bad companies is limited by the likely response of their conventionals clients. Clients of both brokers and money managers are more forgiving when losses come with stocks of good companies than when losses come with stocks of bad companies. Consider the advice of Gross in his manual for stockbrokers:14 When selecting a stock to attempt to merchandise in a big way to many people, one of my essential requirements is that the stock be rated A–, A, or A+ by Standard & Poor’s. These ratings are based on an assessment of a company’s ﬁnancial strength. The quality rating has no bearing whatsoever on the direction the price may take in the future . . . . You will be able to sleep better at night as a merchandiser of quality stock shares . . . . When high quality investments lost value, their holders are less likely to litigate, by the way, then they would be with similar losses in low-rated issues. Investors who lose money on high quality issues frequently direct their anger more toward the market than toward the broker who recommended the stock. Investors who lose on low quality issues tend to direct their anger toward the broker, and they may seek redress through court action. 13 Daniel Kahneman and Amos Tversky, “The Psychology of Preferences,” Scientific American, 246 (1982), pp. 167–173. 14 LeRoy Gross, The Art of Selling Intangibles: How to Make Your Million($) by Investing Other People’s Money (New York: New York Institute of Finance, 1982), p. 174.
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The evidence on the punishment meted out to value managers during the boom of the late 1990s indicates that the effectiveness of stocks of good or “growth” companies as a defense against poor performance does not diminish even when clients speciﬁcally instruct money managers to buy stocks of bad or “value” companies. Cognitive errors are persistent. Investors who tell money managers that they can withstand risk often change their mind when losses occur. We believe that the same holds for investors who tell money managers that they can withstand regret.



CONCLUSION Realized returns vary with equity styles, such as growth and value, large and small. Equity styles are associated with characteristics, such as book-to-market and market capitalization. But why do realized returns vary with equity styles? We use data on both realized returns and expectations about returns to distinguish among three hypotheses: 1) data mining among characteristics; 2) association between characteristics and risk; and 3) association between characteristics and cognitive errors by investors. Our ﬁndings are not consistent with the data mining or the risk hypothesis but they are consistent with the cognitive errors hypothesis. Contrary to the data-mining hypothesis, we ﬁnd that characteristics that are associated with differentials in realized returns are also associated with differentials in expectations about returns. Contrary to the risk hypothesis, we ﬁnd that characteristics that are positively related to realized returns are negatively related to expectations about returns. These ﬁndings are consistent with the cognitive errors hypothesis where investors err about the relationship between characteristics and realized returns. For example, while we ﬁnd a positive relationship between book-to-market and realized returns we ﬁnd a negative relationship between book-to-market and expectations about returns. Data on expectations about returns in our study come from two sources. One is recommendations of analysts, as tracked by First Call. The other is ratings by analysts and executives, as tracked by Fortune magazine. Although the two sets of data are collected for different purposes, the expectations about returns in the two sets have similar crosssectional structures. An important feature of our study is an examination of conjectures offered in earlier studies about the relationship between characteristics and expectations about returns. We ﬁnd support for some of these conjectures but not for others. For example, we ﬁnd a positive and statisti-
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cally signiﬁcant relationship between past returns and expectations about returns but we ﬁnd no statistically signiﬁcant relationship between cash-ﬂow-to-price and expectations about returns. The structure of expectations about returns is likely to reﬂect many characteristics in a complex combination.
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The Effects of Imprecision and Bias on the Abilities of Growth and Value Managers to Outperform their Respective Benchmarks Robert A. Haugen, Ph.D. Chairman Haugen Custom Financial Systems



t has become a stylized fact in the investment profession that there can exist a disparity in the performance of growth and value managers relative to their stylized benchmarks. This chapter presents a framework for understanding why this is likely to be the general case. Let us begin by considering the manner in which the stylized benchmarks are constructed. The Russell Value Index begins with the population of stocks in the Russell 1000 Stock Index. This index is capitalizationweighted and contains roughly the 1,000 largest (based on market capitalization) U.S. equities. Russell ranks the 1,000 stocks on the basis of the ratio of book equity-to-market price (an indicator of cheapness). Beginning with the stock with the highest ratio, Russell goes down the list until it reaches the halfway point in terms of total market capitalization. That is, the total market capitalization of the stocks in the topside is equal to the total market capitalization of the stocks in the bottomside of the list.
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The stocks in the topside go in the Russell Value Index, and the stock in the bottomside go in the Russell Growth Index. Both indexes are then capitalization-weighted.1 As shown in Coggin and Trzcinka, when the risk-premiums of growth managers are regressed on the risk premiums of the Russell Growth Stock Index, the average, annualized alpha is roughly 4% with 130 out of 141 managers showing positive performance.2 But the value managers show less than 1% annualized value added relative to their index, with only 110 out of 170 out-performing for the period 1979–1993. While the record of the value managers is good, it pales relative to the apparent performance of the growth managers. Why? If the market were efﬁcient, both styles should show neutral performance. The fact that both styles out-perform can be taken as evidence that the market is not efﬁcient.3 As we shall see below, the differential in their performance can be taken as a product of the nature of the market’s inefﬁciencies.



IMPRECISION Most of us learned the concept of normal proﬁt in the introductory economics course. Given a ﬁrm’s capital investment, the real rate of interest, and the risk associated with that investment, the ﬁrm, as an investor, deserves to earn a reasonable rate of return. We also learned that, in competitive lines of business, in the short-run, ﬁrms may earn abnormal proﬁts—greater or less than what is reasonable. Call the risk-adjusted present value of the abnormal proﬁts a ﬁrm is expected to earn over the period of short run, Abnormal Proﬁt. Growth stocks are deﬁned here to have positive Abnormal Proﬁts. The Abnormal Proﬁts of value stocks are negative. Now consider two estimates of Abnormal Proﬁt. The ﬁrst is the best estimate. This estimate considers all relevant available information. This information is processed and analyzed using the best available technol1



The weighting is actually based on the fraction of the capitalization that is publicly traded and not privately held. 2 T. Daniel Coggin and Charles Trzcinka, “Analyzing the Performance of Equity Managers: A Note on Value versus Growth,” Chapter 9 in T. Daniel Coggin, Frank J. Fabozzi, and Robert D. Arnott, The Handbook of Equity Style Management, Second Edition (New Hope, PA: Frank J. Fabozzi Associates, 1997). 3 This conclusion must be tempered by the fact that there is survival bias in the test of Coggin and Trzcinka. However, unless there is a clear difference in the relative turnover between growth and value managers, the clear differential in their performance speaks to inefficiency in the market.
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ogy. The best estimate is not necessarily highly accurate, but it is unbiased, and it is the most accurate estimate available. Call this estimate True Abnormal Proﬁt. The second is the market’s estimate. This is the estimate that is reﬂected in the market price for the stocks. Call this estimate Priced Abnormal Proﬁt. Indicators of Priced Abnormal Proﬁt measure the cheapness or dearness in the price of the stock. They are ratios indicating the magnitude of the market price relative to the current cash ﬂows produced from operations. These indicators include sales-to-price, cash ﬂow-to-price, earnings-to-price, as well as the indicator used to construct the Russell Growth and Value Indexes, book-to-price. Exhibit 9.1 plots True Abnormal Proﬁt against Priced Abnormal Proﬁt. Growth stocks are above the horizontal line; value stocks are below. The dots in the exhibit represent individual stocks. With the exception of the two larger dots, all are priced efﬁciently. For these stocks the abnormal proﬁt reﬂected in the price is equal to the best estimate. For these stocks Priced Abnormal Proﬁt is equal to True Abnormal Proﬁt, and they are all plotted on the 45 degree line. Call this line the Efﬁcient Market Line. EXHIBIT 9.1
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The stock that is positioned above the Efﬁcient Market Line is underpriced. It is true Abnormal Proﬁt is greater than what is reﬂected in its market price. As such, it will produce an abnormally large return for investors who buy it at that bargain price. Similarly, the stock positioned below the Efﬁcient Market Line is overpriced. It is a value stock, and it is priced as such, but its price is not low enough. The True Abnormal Proﬁt of this stock is very low. The market price should be much lower than it actually is. Investors who buy the over-valued stock will receive abnormally low rates of return in the future. An efﬁcient market would not allow over- or underpricing of stocks. In a perfectly efﬁcient market, all stocks would be positioned on the Efﬁcient Market Line. However, few would argue that, for the real stock market, we are dealing with a line. Surely we must have a band. The controversy, then, is over the width of the band. The market prices with imprecision. It assigns the same price to stocks with different True Abnormal Proﬁts, as indicated by the vertical arrow of Exhibit 9.2. It assigns different prices to stocks with the same abnormal proﬁt as indicated by the horizontal arrow. Later I will cite evidence that makes a convincing case for the contention that the band depicted in Exhibit 9.2 is very wide. Grant me that assumption for the moment.
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In a market that is merely imprecise, managers who base their strategy on buying “cheap” stocks will not add value. If you rank stocks based on some measure of cheapness, say book-to-price, you move the left in Exhibit 9.2, but your expected position within the gray area is in the middle—on the Efﬁcient Market Line. Consequently, if the market were merely imprecise, we would not see the results of Fama and French,4 where stocks with relatively large book-to-price ratios tend to subsequently produce relatively high returns. In the same sense, if you rank stocks based on some measure that may be correlated with True Abnormal Proﬁt, say the ﬁrm’s rate of return on total assets, you would not expect to add value either. This time you move to the north in Exhibit 9.2, but your expected position is, once again in the middle of the shaded area, again on the Efﬁcient Market Line.



BIAS In Exhibit 9.3 we have a market that is both imprecise and biased in its pricing. How biased? The market is biased in its assessment of the length of the shortrun—the period over which the ﬁrm can be expected to earn abnormal proﬁts.5 The market depicted in Exhibit 9.3 overestimates the length of the short run. If a ﬁrm is earning positive abnormal proﬁts now, the market projects prosperity to continue for too long. It underestimates the power of competitive entry, which will drive proﬁts to normal levels in a line of business.6 In a market that prices stocks with this bias, the band will tilt downward, positioning itself below the Efﬁcient Market Line to the right and above it to the left. Firms that are earning positive abnormal proﬁts now (growth stocks) tend to become over-priced. They tend to be positioned below the Efﬁcient Market Line. And the more proﬁtable they are now, the more overpriced they tend to be.



4 E. Fama and K. French, “The Cross-section of Expected Stock Returns,” Journal of Finance (June 1992). 5 For the collective evidence that the market is truly biased in this way, see R. Haugen, The New Finance: The Case Against Efficient Markets (Englewood Cliffs, NJ: Prentice Hall, 1995). 6 The speed of competitive entry differs from line to line. However, there will be an average speed, or length of the short run, over all lines. The market of Exhibit 9.3 has underestimated that average.
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Conversely, unproﬁtable ﬁrms (value stocks) tend to be underpriced. The market projects their lack of success to continue for too long. The reality is that competitors will leave their lines of business, reinventing themselves and moving elsewhere. Those that remain in the line will now be able to raise prices and enjoy greater market share. Both those that leave and those that remain will likely see their proﬁts rise to normal levels. The market of Exhibit 9.3 overreacts to success and failure. It is biased. Now, in this market, consider the relative merits of growth and value investing. Suppose you rank stocks based on some measure of Priced Abnormal Proﬁt—say, once again, book-to-price. As you move to the left in the exhibit, you expect to be positioned above the Efﬁcient Market Line, in the vicinity of the point marked “Pure Value.” At this position, you would expect to add value. On the other hand, as you move to the right, in the direction of more expensive stocks, you expect to underperform. In the market of Exhibit 9.3, value managers attempt to move to the west. They generally rank stocks based on some measure of cheapness, and they buy relatively cheap stocks. They tend to stress discipline in their investing. They tell some version of the story related to the market’s tendency to overestimate the length of the short run. They are taking advantage of the market’s bias.
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On the other hand, growth managers attempt to move to the north. They look for proﬁtable companies with bright prospects for earning abnormal proﬁts. However, growth managers who simply do this are looking for trouble. If you rank stocks on the basis of indicators of True Abnormal Proﬁt, and simply buy the best looking stocks, you can expect to position yourself in the vicinity of the point marked “Pure Growth,” under the Efﬁcient Market Line. You can expect to under-perform. This does not mean that growth managers, as a group, cannot add value. Growth managers who look for companies with bright prospects at reasonable prices can be expected to be positioned in the vicinity of the point labeled “GARP” (Growth At a Reasonable Price). Managers like these are positioned above the Efﬁcient Market Line, and can be expected to add value. In moving to the north, while avoiding a signiﬁcant move toward the east, growth managers are taking advantage of the market’s imprecision. In the context of Exhibit 9.3, the relative merit of growth and value investing is measured by their relative distances above the Efﬁcient Market Line. In the exhibit, I have assumed that growth and value investors are equally meritorious. However, consider how they will perform relative to their stylized benchmarks. The growth benchmark, constructed to contain expensive stocks, can be expected to be positioned near the point labeled “Pure Growth.” The Benchmark, being under the Efﬁcient Market Line, can be expected to underperform. On the other had, GARP managers can be expected to beat not only the general market, but they will easily outperform their underperforming benchmark. But the value benchmark, made up of cheap stocks, will be positioned above the Efﬁcient Market Line near “Pure Value.” Since it, itself, can be expected to outperform, this will be a difﬁcult benchmark to beat. Those value managers who beat it will do so by investing in stocks with good prospects in spite of the fact that they are selling cheap.7 This is why growth managers have an easier time outperforming their benchmarks than do value managers.8



7



These managers will be taking advantage of the market’s imprecision and bias in pricing. 8 Note that in, the study by Coggin and Trzinka, value managers actually outperformed their benchmarks, although by not as much as the growth managers. This indicates that the managers are taking advantage of both bias and imprecision, moving to the north of the point labeled “Pure Value” in Exhibit 9.3.
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SUPER STOCKS In a recent paper, Haugen and Baker (HB) show that it is possible to create portfolios of common stocks that are, at the same time, very cheap and very proﬁtable.9 HB estimate the expected returns of stocks by estimating the expected payoffs related to ﬁrm characteristics. By interfacing these projected payoffs with the contemporary set of ﬁrm characteristics, they estimate the expected returns to different stocks. HB then rank stocks based on these expected returns and form into deciles. The high return decile not only outperforms consistently, it is characterized by a very interesting proﬁle. As an aggregate, the stocks in the decile are low risk, big, liquid highly proﬁtable and very cheap. The stocks in the low-return decile (Decile I) have the opposite proﬁle. In Abnormal Proﬁt space, the deciles are positioned as in Exhibit 9.4. I have labeled decile 10 as “Super Stocks,” given their outstanding character. The Super Stock portfolio takes maximum advantage of the market’s imprecision and bias in pricing. It is positioned well over the 9



R. Haugen and N. Baker, “Commonality in the Determinants of Expected Stock Returns,” Journal of Financial Economics (July 1996).
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Efﬁcient Market Line. The fact that such extreme portfolios can be created stands in testimony to the great width of the band. However, Super Stock portfolios cannot be formed using commonly employed hierarchical screening techniques. That is because there are no individual stocks that have the complete proﬁle of a Super Stock proﬁle. If you merely try to screen stocks, so that each is characterized by a set of attributes, you will never approach the position of Super Stocks in Exhibit 9.4. To get to the Super Stock position, you must build your portfolio with regard to the nature of the portfolio as an aggregate. You cannot require each of its members to have the character of the aggregate portfolio itself.



SUMMARY The market is both biased and imprecise in its pricing. The market’s bias is a product of its propensity to overestimate the length of the short-run. Its imprecision results from its propensity to assign different prices to stocks with the same true prospects for earning Abnormal Proﬁt and the same prices to stocks with different true prospects. Value managers take advantage of the market’s bias in buying cheap stocks. Growth stock managers take advantage of the market’s imprecision in buying stocks with good prospects at reasonable prices. Because of the market’s bias, growth stock benchmarks, made up of expensive stocks, can, themselves be expected to underperform. Conversely, value stock benchmarks, made up of cheap stocks, can be expected to overperform, making it more difﬁcult for value managers to beat their stylized benchmarks.
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Style Return Differentials: Illusions, Risk Premiums, or Investment Opportunities Richard Roll, Ph.D. Allstate Professor of Finance Anderson Graduate School of Management University of California, Los Angeles and Cochairman Roll and Ross Asset Management Corporation



or both the investor and the ﬁnance researcher, the single most important unanswered question about equity style investing is the origin of historically observed differential returns. There seem to be at least three possibilities:



F



1. Return differentials across investment styles are statistical aberrations. They do not reﬂect differences in expected returns and are thus not likely to be repeated. 2. Return differentials are risk premiums. They do reﬂect differences in expected returns, but this is compensation for risk. 3. Return differentials represent market opportunities. Not only are they statistically signiﬁcant, but they occur above and beyond any measur-



The author thanks Laura Field, Stephen A. Ross, and Ivo Welch for constructive comments and suggestions and Ken Mayne for expert assistance.
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able risk. Investing according to style can thus be expected to earn extra return without bringing any additional exposure to loss. These explanations are not mutually exclusive; each one could have some degree of empirical relevance. Many empirical studies of style investing, including other chapters in this volume, have uncovered seemingly signiﬁcant statistical differences in the returns of portfolios classiﬁed by price/earnings ratio, market capitalization, book/market ratio, and other indexes of style. Yet the ﬁrst explanation above is not completely moribund. Taken individually, each empirical study employs sound econometric methods and draws scrupulously correct inferences from the data. But taken as an aggregate, the studies are far from independent investigations. The historical record of observed returns is limited, and there are more professional data miners than data points. Just by chance, all this mining over the years could have uncovered fool’s gold. This view is championed persuasively by Fischer Black.1 Unfortunately, it is difﬁcult to know whether data mining can completely explain style-speciﬁc results and what, if anything, we can do to correct the problem. Beyond the data-mining issue, various studies have argued that the empirical results may be tainted by selection bias or by aberrations in the data. For instance, Kothari, Shanken, and Sloan ﬁnd evidence that survivorship bias in COMPUSTAT data, the usual source of accounting information, may affect subsequent returns, particularly among small ﬁrms.2 Brown and others argue that survivorship histories of individual ﬁrms can bias performance studies; they apply this to mutual fund performance, but the effect is more generally applicable.3 If we are willing to assume that style investment results are not simply statistical aberrations, then the second and third possible explanations listed above can be subjected to empirical enquiry. By assuming some rational model of risk and return, and deriving empirical measures of risk, it is conceptually straightforward to ascertain whether risk premiums account totally for return differences across investment styles, conditional on the validity of the assumed risk/return model. 1



Fischer Black, “Return and Beta,” Journal of Portfolio Management (Fall 1993), pp. 8–18. 2 S. P. Kothari, Jay Shanken, and Richard G. Sloan, “Another Look at the Cross-section of Expected Stock Returns,” Working Paper, William E. Simon Graduate School of Business Administration, University of Rochester (December 1992). 3 Stephen J. Brown, William Goetzmann, Roger G. Ibbotson, and Stephen A. Ross, “Survivorship Bias in Performance Studies,” The Review of Financial Studies, No. 4 (1992), pp. 553–580.
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The purpose of this chapter is to present such an investigation in the context of Ross’s Arbitrage Pricing Theory (APT) of risk and return.4 The APT has become one of the standard paradigms of risk/return ﬁnance in the sense that it now appears in most investments textbooks, is frequently cited in journal articles, and is employed in practice for portfolio selection and capital budgeting. More important for our purpose here, the APT has the potential to explain investment style returns because it is a multifactor theory. Many studies have found several distinct dimensions of style. For example, Fama and French document that both market capitalization (Size) and the ratio of book-to-market equity (B/M) are associated with cross-sectional differences in return.5 They also ﬁnd that the single-factor Capital Asset Pricing Model (CAPM) fails to explain any of the cross-sectional average return differences.6 Since portfolios classiﬁed along two style dimensions appear to have different expected returns (assuming this has not been produced by data mining), a risk/return model with at least two risk premiums would seem a priori to have the greatest chance of empirical success.7 Investment style literature mentions a number of possible dimensions; in addition to Size and B/M, earnings/price, leverage, sales growth, price momentum, and seasonals are among the suggested proxies for crosssectional differences in returns.8 Also, it seems reasonable to anticipate that still unknown styles may eventually be discovered, thereby adding to dimensionality burden of any rationally-based risk/return model. Beyond Size and B/M, there is little agreement about the materiality of other indicia of style. Fama and French, for example, present evidence that earnings/price and leverage are unimportant when Size and B/M are taken into account.9 Sharpe’s method of return attribu4



Stephen A. Ross, “The Arbitrage Theory of Capital Asset Pricing,” Journal of Economic Theory (December 1976), pp. 341–360. 5 Eugene F. Fama and Kenneth R. French, “The Cross-Section of Expected Stock Returns,” Journal of Finance (June 1992), pp. 427–465. 6 The Capital Asset Pricing Model was originated by William F. Sharpe, “Capital Asset Prices: A Theory of Market Equilibrium Under Conditions of Risk,” Journal of Finance (September 1964), pp. 425–442; and John Lintner, “The Valuation of Risk Assets and the Selection of Risky Investments in Stock Portfolios and Capital Budgets,” Review of Economics and Statistics (February 1965), pp. 13–37. 7 Technically, a single risk premium model could explain the results, but only with a different parameterization than has previously been employed. 8 The APT has already been used with some degree of success to explain the size anomaly. See K.C. Chan, Nai-Fu Chen, and David A. Hsieh, “An Exploratory Investigation of the Firm Size Effect,” Journal of Financial Economics (September 1985), pp. 451–471. 9 Op. cit.
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tion based on investment styles has only two dimensions for domestic equities, Size and growth/value, the latter measured by B/M.10 Sharpe gives other style dimensions for ﬁxed-income assets and lists foreign equities as a separate style dimension for domestic U.S. investors. This is perfectly adequate for most U.S. investors, but one might wonder whether equities in non-U.S. markets display return differences across such attributes as Size and B/M, or whether other variables are more important. Although it is a controversial conclusion, the empirical APT literature generally agrees that several distinct factors are associated with risk premiums. Many studies provide evidence of between two and ﬁve factors, while others suggest fewer or more.11 Given the preponderance of evidence in favor of ﬁve or fewer factors, this chapter simply assumes that ﬁve factors are relevant for domestic U.S. equities. The power of statistical tests will be reduced by an incorrect assumption about the true number of factors. Additionally, if there are actually more than ﬁve relevant factors, the tests will be biased in favor of concluding that the risk/return model (the APT) is inadequate; i.e., the tests will be biased in favor of the market inefﬁciency hypothesis. If there are ﬁve or fewer factors, however, no particular bias will occur.



THE EXPERIMENTAL DESIGN Eight U.S. domestic equity portfolios were formed by classifying individual stocks along three style dimensions: large or small Size, high or low earnings per share/price (E/P), and high or low book equity/market 10 William F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” Journal of Portfolio Management (Winter 1992), pp. 7–19. 11 Supporting the presence of a single dominant factor is Charles Trzcinka, “On the Number of Factors in the Arbitrage Pricing Model,” Journal of Finance (June 1986), pp. 347–368. Trzcinka concludes that other factors may be present, but that the first factor is by far the most important. Supporting the presence of a limited number of factors, but more than one, are Stephen Brown and Mark Weinstein, “A New Approach to Testing Asset Pricing Models: The Bilinear Paradigm,” Journal of Finance (June 1983), pp. 711–743. Supporting a large number of factors are Phoebus J. Dhrymes, Irwin Friend, and N. Bulent Gultekin, “A Critical Re-examination of the Empirical Evidence on the Arbitrage Pricing Theory,” Journal of Finance (June 1984), pp. 323–346. Supporting the presence of just a single factor in some countries and several factors in other countries are John E. Hunter and T. Daniel Coggin, “The Correlation Structure of the Japanese Stock Market: A Cross-National Comparison,” Working Paper, Investment Department, Virginia Retirement System (August 1994).
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equity (B/M). The ﬁrst and third dimensions are known to produce material ex post return differences in past sample periods, and the second dimension is a popular focus of practical growth/value style investing.12 In an effort to avoid using information not available to market participants, classiﬁcation into style groups was accomplished using accounting data (B and E) pertaining to a period at least four months prior to the classiﬁcation date.13 All listed NYSE and AMEX and OTC stocks available from the CRSP database on the classiﬁcation date were included in one of the eight portfolios.14 Every stock with available information was sorted by each of the three style dimensions, and then assigned to one of eight portfolios, depending on whether it was in the lowest or highest half of all stocks for that dimension. If Size, E/P, and B/M had been cross-sectionally uncorrelated, this would have resulted in an equal number of stocks in each portfolio. There was, however, some cross-sectional dependence among these indexes, so the eight style portfolios contain unequal numbers. Exhibit 10.1 shows the number of stocks per portfolio over the sample period, chosen rather arbitrarily to cover the latest available decade, April 1984 through March 1994.15 The plotting convention used in Exhibit 10.1 is followed throughout the chapter. Low (high) Size portfolios are represented by narrow (wide) lines, low (high) E/P portfolios by dashed (solid) lines, and low (high) B/M portfolios by grey (black) lines. Each portfolio is labeled with a three-character designator, where the ﬁrst character is for Size, the second character is for E/P, and the third character is for B/M; in each case the character is “L” for low or “H” for high. For example, the HLH portfolio includes stocks in the half of all stocks with larger mar12



In the practitioner literature, both B/M and E/P are considered indicators of “growth” versus “value” equities. 13 The analysis was repeated using an eight-month lag, to make absolutely certain that no hindsight crept in; the results are qualitatively similar. 14 Center for Research in Securities Prices, Graduate School of Business, University of Chicago. Subsequent to the latest available CRSP date (December 1992), the data were supplemented with the proprietary database of Roll and Ross Asset Management Corporation. Accounting data (for earnings and book equity) were also obtained from the latter source. 15 Actually, there is some rationale for the choice of sample period. It was limited to ten years so that earlier data might constitute a hold-out sample should someone want to check the intertemporal robustness of results reported here. Also, the later part of the sample period here has not yet been used in other studies. For instance, the data period in Fama and French, op. cit., ends in December 1990. Thus, more than three years of our sample is not subject to the charge that it has already been data mined.
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ket capitalization, the half with lower earnings per share/price, and the half with higher book equity/market equity. As Exhibit 10.1 shows, even the portfolio with the smallest number of stocks included more than 100 individual issues in every period, and most portfolios had at least 200 most of the time.16 After all stocks were assigned to style portfolios, value-weighted averages of the three indexes of style were calculated for each portfolio at the beginning of each sample month.17 These averages are plotted over the sample period in Exhibits 10.2, 10.3, and 10.4, for Size, E/P, and B/M, respectively. The efﬁcacy of the classiﬁcation scheme can be observed in these exhibits. Ideally, all four portfolios in a given class for a particular dimension should have similar mean values for their common attribute and should differ markedly from the four portfolios in the other class. For instance, the four portfolios with low Size, but with high and low E/ P and B/M, should have similar average market capitalization and materially different market capitalization than the four portfolios with high Size. Exhibit 10.2 shows this to be the case: The four portfolios LLL, LLH, LHL, and LHH all have average market capitalization in the $30 to $100 million range. Their average market cap is far from that of the four portfolios in the high group, whose average market cap hovers around $10 billion. Similar clustering is apparent for E/P and B/M in Exhibits 10.3 and 10.4. The low E/P portfolios have average E/P values around 0.05 while the high E/P portfolios, although somewhat more diverse within their category, have average E/Ps around 0.10 to 0.15. Low B/M values are around 0.4, while high B/M values are between 0.8 and 1.20. One noticeable regularity in all cases is the greater dispersion in mean attribute values in the high groups, whether it be Size, E/P, or B/M. In the case of Size, this is probably attributable to one or two extremely large stocks moving from low to high E/P or from low to high B/M, or vice versa, as stocks are reassigned to portfolios month by month. In the cases of E/P and B/M, the cause is less apparent, but it might be due simply to greater price volatility in low-priced stocks.



16



Because of missing accounting information, not every stock with returns could be included in a portfolio. Also, stocks with negative earnings or negative book values in a given period were discarded from the sample in that period. 17 That is, weighted averages were calculated for Size, E/P, and B/M, with the weights proportional to each stock’s market capitalization at the beginning of the month.
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EXHIBIT 10.1



Number of Stocks in Portfolios
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EXHIBIT 10.2



Weighted Average Market Capitalization
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EXHIBIT 10.3



Mean Earnings/Price
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EXHIBIT 10.4



Mean Book/Market
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STYLE PORTFOLIO INVESTMENT PERFORMANCE OVER THE PAST DECADE Differences in Raw Returns Value-weighted total returns for all eight portfolios were calculated over each month subsequent to a classiﬁcation date. At the end of that month, stocks were reclassiﬁed and the portfolios were reformed. Total return investment levels, assuming reinvestment of cash dividends and other distributions, are plotted in Exhibit 10.5, along with the corresponding cumulative total return level for the S&P 500 Index, also including dividends. During this decade, the best-performing portfolio was LHH: small market cap, high E/P, and high B/M. In conformance with other empirical reports, this is essentially a “value” portfolio, but one composed of small stocks. Small stocks per se, however, were not necessarily ideal investments during this decade; the worst-performing portfolio was LLL, small market cap, low E/P, and low B/M. Here are the relative rankings of the eight style portfolios and of the S&P 500: Style



Rank



Accumulated Value of One Dollar*



Size



E/P



B/M



1 2 3 S&P 500 4 5 6 7 8



$6.85 $5.34 $5.15 $3.96 $3.49 $3.05 $2.76 $2.02 $1.64



Low High Low — High High High Low Low



High High High — High Low Low Low Low



High High Low — Low Low High High Low



* That is, a dollar invested on March 31, 1985, would have accumulated to this amount on March 31, 1994, assuming reinvestment of dividends.



The numbers show a dramatic range of investment results, from a compound annual return of 5.07% for the worst portfolio to 21.2% for the best. The S&P’s compound annual return was 14.8%. The three style portfolios that outperformed the S&P 500 were all in high earnings per share/price groups. Two of the three had small market cap, but so did the two lowest-ranked portfolios. The book equity/market equity
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style dimension displayed a middle ground of performance. Although the two best-performing portfolios had high B/M, so did portfolios that ranked sixth and seventh. For this particular sample period, these raw returns suggest a conclusion that the E/P style dimension was the most important.



Is Style Performance Signiﬁcant? Are differences in style portfolio investment returns statistically signiﬁcant? If so, can they be ascribed to differences in risk? To answer both these questions, we shall implement a particularly tractable version of the statistical technique known as the analysis of variance. The technique employs a pooled time series/cross-section regression with appropriately chosen explanatory risk variables plus “dummy” variables used to classify the returns along style dimensions.18 A “dummy” variable takes on the values zero or one depending on the class to which the dependent variable belongs. Thus, since we have three style dimensions, we shall employ three dummy variables; each dummy variable has the value zero or one, depending on whether the observed return is in the low or high group. For example, if an observed return were in a low Size, high E/P, and low B/M portfolio, the dummy variable triplet would be 0,1,0. The exact form of the regression equation is Rj,t − Rf,t = αLLL + αSizeDSize + αE/PDE/P + αB/MDB/M + εj,t



(1)



where Rj,t is the return on style portfolio j in month t, Rf,t is the riskless rate, Di is the dummy variable for style dimension i, and εj,t is a regression disturbance. Note that the regression intercept has subscript “LLL” (for low Size, low E/P, and low B/M). For this combination of styles, all three dummy variables are zero. Our ﬁrst regression pools the monthly excess returns19 (for 120 months) on all eight style portfolios. These returns comprise the 960 observations of the dependent variable in the pooled regression. The explanatory variables are 960 dummy variable triplets, each one describing the particular style for the corresponding monthly portfolio return. Exhibit 10.6 presents the results.



18



For a general treatment of pooling time series and cross-sectional data using dummy variables, see George G. Judge, R. Carter Hill, William E. Griffiths, Helmut Lütkepohl, and Tsoung-Chao Lee, Introduction to the Theory and Practice of Econometrics (New York: John Wiley & Sons, 1988), Section 11.4, pp. 468–479. 19 The excess return is the total monthly return on the portfolio less the return on a U.S. Treasury bill that had one month to maturity at the beginning of the month.
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Style Portfolio Investment Value
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EXHIBIT 10.6 Eight Style Portfolios on Style Dummy Variables Pooled Time Series/Cross-Section Regressions April 1984–March 1994, Monthly Size Intercept



E/P



B/M



Dummy Variables



αLLL



αSize



αE/P



αB/M



0.25038 (0.77930)



0.01771 (0.05512)



0.65012 (2.0235)



0.13867 (0.43160)



Sample Size Adjusted R2 F-statistic for Regression (3/956) Durbin-Watson Note: t-statistics in parentheses.



960 0.001337 1.4280 1.7046



The regression coefﬁcients indicate the marginal contribution produced by having a high value of the style attribute, holding constant other style dimensions, in percent per month. The t-statistic measures whether the coefﬁcient is reliably nonzero, a test of statistical signiﬁcance. To be speciﬁc, the Size dummy’s coefﬁcient of 0.0177 indicates that an extra 1.77 basis points per month would have been earned in the sample decade simply by investing in large- rather than small cap stocks, ceteris paribus. The t-statistic is only 0.0551, however; this indicates that the extra investment return of 1.77 basis points is not statistically signiﬁcant. Along the E/P dimension, the extra investment return was 65 basis points per month (!), and its t-statistic was 2.02. This indicates that the earnings/price style did produce reliably different returns, and they were sizable; 65 basis points per month implies an annual incremental return of approximately 7.80% simply from investing in stocks in the higher half of E/P ratios each month, holding constant other styles. The results for B/M are less dramatic. The incremental return from buying high B/M stocks was 13.9 basis points per month. This is certainly nothing to ignore, but the t-statistic of 0.432 provides little assurance that differential return along this style dimension was statistically reliable.



Adjusting for Risk The results in Exhibit 10.6 are based on raw returns; they are not riskadjusted. Also, they are subject to a technical difﬁculty. The analysis of
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variance assumes that the observations are independent.20 We know, however, that this is unlikely in our case because we have pooled monthly returns from eight portfolios observed over the same sample period. A glance at Exhibit 10.5 shows that the market values of these portfolios ﬂuctuate together with considerable regularity. Most large diversiﬁed portfolio values correlate positively because they are subject to common factors, either a single market factor as in the CAPM or several macroeconomic factors, as predicted by the APT. To remove the dependencies among the style portfolios and thereby make our inferences more reliable, we ought to remove the sources of the dependence. It turns out that we can do this simultaneously with correcting for differences in risk across the portfolios. Our method is to include either a market factor or a set of APT factors as additional explanatory variables in the pooled time series/crosssectional regressions, along with the dummy variables for style already reported. In addition, we shall include a set of cross-product terms between the dummy variables and the factors. These cross-product terms will effectively control for differences in risk. To see how this works, let us ﬁrst start in the context of the simplest model, a single-factor risk/return market model inspired by the CAPM. As an example, consider a portfolio with a particular style, say, LHL for low market cap, high E/P, and low B/M. We can write its single-factor market model as: RLHL,t − Rf,t = αLHL + ßLHL(RM,t − Rf,t) + εLHL,t



(2)



where the subscript f denotes the riskless return, M denotes the singlefactor market return, and ε is a regression disturbance. Notice that both α, the intercept, and ß, the slope coefﬁcient, have subscripts denoting the portfolio’s style. The style subscript on ß signiﬁes that a portfolio’s style can conceivably inﬂuence its market risk. Since returns are measured in excess of the riskless rate, the style subscript on α signiﬁes that style might provide an expected return not accounted for by risk, an “extra-risk” return. Differing values of ß would support risk as the explanation of style investment returns, while differing values of α would support an investment opportunity such as pricing inefﬁciency as their source. There is a potentially different equation such as (2) for each style portfolio; this is captured by interportfolio variation in the values of α 20



If the observations are dependent, the regression is misspecified because the disturbances are not “spherical.” This induces bias in the estimated standard errors and tstatistics, although not in the coefficients.
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and ß. These values can be estimated directly from a pooled time series/ cross-sectional regression by using the dummy variable method. We need both intercept and slope dummy variables. The complete regression equation with a single market factor is R j, t – R f, t = α LLL + α Size D Size + α E/P D E/P + α B/M D B/M + β LLL ( R M, t – R f, t ) + β Size D Size ( R M, t – R f, t ) + β E/P D E/P ( R M, t – R f, t ) + β B/M D B/M ( R M, t – R f, t ) + ε j, t



(3)
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Note that Di is zero for each i with style dimension LLL (low Size, low E/P, and low B/M). For this combination of styles, only the intercept αLLL and market factor excess return [ßLLL(RM,t − Rf,t)] will appear with nonzero values. The incremental effect on risk (relative to LLL) of any other combination of styles will be empirically measured by the sum of ßs whose subscripts bear the style description. Similarly, the extra-risk incremental return from a style combination different from LLL will be empirically measured by the corresponding αs with styledescriptive subscripts. The statistical signiﬁcance, if any, of different styles can be measured directly by the t-statistics of these slope and intercept dummy variable coefﬁcients. Finally, the validity of the inferences can be checked by examining the correlations of residuals across style portfolios. Exhibit 10.7 presents the empirical results from ﬁtting Equation (3) using the eight style portfolios and a decade of monthly observations. The market factor is the total return on the S&P 500 index. The return units are percent per month. The market factor is highly signiﬁcant, as would be expected in a time series model where the dependent variable is a well diversiﬁed portfolio. All three of the slope dummy coefﬁcients are negative, although only ßB/M is highly signiﬁcant. This implies that higher book equity/market equity style portfolios have less market risk. The intercept dummy variable coefﬁcients have larger t-statistics than when Equation (1) was ﬁt to the same data without a market factor. This is somewhat surprising, because a possible reason for the signiﬁcance of style return differences in Equation (1) is differing market risks; thus, one might have predicted a priori that adjusting for risk would eliminate the signiﬁcance. Yet the contrary is true. The intercept dummy coefﬁcient, αE/P , has a similar magnitude in the two regressions, 65.0 versus 68.2 basis points in regressions (1) and (3), respectively; but it now has a considerably larger t-statistic, 4.35. This result indicates that style investing along the E/P dimension has been reliably proﬁtable over the past decade, above and beyond single-factor market risk.
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EXHIBIT 10.7 Eight Style Portfolios on Single-Factor Market (S&P 500) Risk Pooled Time Series/Cross-Section Regressions April 1984–March 1994, Monthly Base (LLL)



Size



E/P



B/M



Dummy Variables



Intercept



α



−0.55014 (−3.5107)



0.02278 (0.14537)



0.68232 (4.3543)



0.24481 (1.5623)



1.0609 (30.880)



−0.006721 (−0.19564)



−0.04267 (−1.2419)



−0.14067 (−4.0944)



Market Risk ß



Sample Size Adjusted R2 F-statistic for Regression (7/952) Durbin-Watson Note: t-statistics are in parentheses.



960 0.76894 456.91 1.7373



Regression model (3) explains more than three-quarters of the monthly variability in style portfolio returns across time and across the eight combinations of style. Most of the explained variability is attributable to the market factor. However, a single market risk factor may not be adequate to fully capture the multidimensional risks that may be underlying style investment returns. Can a multi-factor APT risk model do better? Using the method of Connor and Korajczyk (hereafter CK), ﬁve factors were extracted from the entire data sample of individual equity excess returns.21 The CK method has the great advantage of handling virtually any number of individual assets; the computations involve inversion of a covariance matrix with only as many rows and columns as the number of time series observations, in our case 120 × 120. The extracted factors have monthly observations that can be scaled in units equivalent to monthly rates of return. Connor and Korajczyk show that the ﬁrst factor is similar to a large market index, although it is equal21



Gregory Connor and Robert A. Korajczyk, “Performance Measurement with the Arbitrage Pricing Theory: A New Framework for Analysis,” Journal of Financial Economics (March 1986), pp. 373–394. See also Gregory Connor and Robert A. Korajczyk, “Risk and Return in an Equilibrium APT: Application of a New Test Methodology,” Journal of Financial Economics (September 1988), pp. 255–289.
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weighted rather than value-weighted like the S&P 500. The second and higher CK factors are approximately unrelated to the ﬁrst factor and to each other. They are constructed as combinations of systematic risks other than general market risk. Once the time series of APT factor returns is available, we can employ the same procedure as before, but now we can be more precise about the possibility of multiple risks as sources of style portfolio returns. The pooled time series/cross-sectional regression will now have a total of 23 explanatory variables: three intercept dummy variables, the ﬁve APT factors, and 15 slope dummy variables (three for each of the ﬁve factors). The regression equation is Rj, t – Rf, t = α LLL + α Size D Size + αE ⁄P DE ⁄P + αB ⁄ M DB ⁄ M +



∑k [ β LLL, k Fk,t + βSize, k Fk,t + βE ⁄P, k DE ⁄P Fk,t



(4)



+ βB ⁄M, k DB ⁄M Fk, t ] + εj, t



where Fk,t is the observed excess return on factor k in month t. The summation extends for k=1,...,5, over the ﬁve factors. All the slope coefﬁcients, including those associated with slope dummy variables, must now have k subscripts to denote the factor with which they are associated. Exhibit 10.8 presents the results. The explanatory power has increased substantially over the singlefactor market model regression; the adjusted R-square is 0.914. Also, each of the ﬁve slope coefﬁcients for style portfolio LLL (low size, low E/P, and low B/M), is statistically signiﬁcant. Among the 15 dummy variable slope coefﬁcients, 11 have t-statistics whose absolute values are greater than 2, the usual rule-of-thumb value for reliability. This implies that there are substantial and statistically signiﬁcant differences in APT risks among style portfolios. The differences are not conﬁned just to the ﬁrst factor (which is like a single broad market factor); nine of the large t-statistics are associated with factors two through ﬁve. Thus, it seems reasonable to conclude that adding more factors gives us more ability to distinguish risk differences among investment styles. Despite better ability to measure risk empirically, or, better said, because of this ability, the intercept dummy variable coefﬁcients are now even more statistically signiﬁcant. The intercept dummy variable for E/P has a coefﬁcient of 0.613 (basis points of extra risk-adjusted return per month) with a t-statistic of 6.28. The intercept dummy for B/ M has a coefﬁcient of 0.295 with a t-statistic of 3.02. The coefﬁcient for size, however, remains insigniﬁcant.
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EXHIBIT 10.8 Eight Style Portfolios on Five APT Risk Factors Pooled Time Series/Cross-Section Regressions April 1984 - March 1994, Monthly Base



Size



(LLL)



E/P



B/M



Dummy Variables



Intercept



−0.5348 (−5.4807)



−0.1323 (−1.3556)



0.6130 (6.2825)



0.2945 (3.0182)



ß1



1.0136 (54.7160)



−0.1025 (−5.5314)



−0.0274 (−1.4815)



−0.1160 (−6.2605)



ß2



0.2863 (15.4570)



−0.3027 (−16.3400)



−0.0658 (−3.5526)



−0.0072 (−0.3908)



ß3



0.1158 (6.2549)



−0.2452 (−13.2430)



0.0696 (3.7619)



−0.0465 (−2.5104)



ß4



0.0576 (3.1093)



−0.1788 (−9.6569)



−0.0037 (−0.2016)



0.1468 (7.9268)



ß5



−0.0958 (−5.1762)



0.0563 (3.0397)



0.0391 (2.1103)



0.0365 (1.9705)



α APT Risks



Sample Size Adjusted R2 F-statistic for Regression (23/936) Durbin-Watson Note: t-statistics are in parentheses.



960 0.91427 445.64 1.7053



The inescapable conclusion: Controlling for multiple dimensions of risk by using a ﬁve-factor APT model does not eliminate return differences across investment styles. Indeed, it strengthens the effect. According to the empirical methods here, risk does vary substantially across investment styles, but risk alone does not explain differences in return. Higher values of both E/P and B/M are usually associated with “value” stocks as opposed to “growth” stocks. Value portfolios outperformed growth portfolios over the past decade, and the performance is not attributable to CAPM (single-factor) or APT (ﬁve-factor) risk.



Risk and Return Proﬁles for Style Portfolios To get a feeling for risk and return differences across style portfolios, a simple expedient is to calculate their overall proﬁles from the dummy variable coefﬁcients. Remember that we have eight style portfolios, denoted IJK, where I represents Size, J represents E/P, and K represents
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B/M. I, J, and K can be either low (L), or high (H) on the style attribute. For example, portfolio HLH has large (high) market capitalization stocks, low earnings per share/price stocks, and high book equity/market equity stocks. The dummy variables are 0 for L and 1 for H; thus, the dummy variable triplet corresponding to HLH is 1,0,1. To obtain the estimated risk coefﬁcient of portfolio HLH for, say, the ﬁrst factor, multiply each coefﬁcient by its dummy variable value and add it to the base coefﬁcient, ßLLL,1; e.g., ßHLH,1 = 1.0136 +1 (−0.1025) + 0(−0.0274) + 1(−0.1160) = 0.795. Thus, the ﬁrst factor risk coefﬁcient for a portfolio with large cap stocks, low E/P stocks, and high B/M stocks is considerably less than 1.0. This might have been partly anticipated because a coefﬁcient of 1.0, given the Connor/Korajczyk factor method, would be the ﬁrst factor coefﬁcient for an equal-weighted portfolio and ßHLH,1 is for large cap stocks. But notice in the adjustment above that a slightly greater contribution to the reduction in the coefﬁcient comes from B/M than comes from Size. High B/M stocks also have lower ﬁrst-factor risk. The dummy variable slope coefﬁcients in Exhibit 10.8 have an interesting pattern across the factors. For the Size slope dummies, the ﬁrst four factors have negative and highly signiﬁcant coefﬁcients. Thus, large market cap stocks have less APT risk on these four factors. For the ﬁfth factor, the Size dummy coefﬁcient is positive and signiﬁcant, but this is swamped by the ﬁrst four factors. As might have been anticipated, the overall volatility induced by systematic factors is greater for small than for large stocks. Among the E/P slope dummies that are signiﬁcant, factor 2 is negative, while factors 3 and 5 are positive. This mixed pattern makes it all the more surprising that the intercept dummy for E/P becomes so much more signiﬁcant when going from a single-factor model to a multiplefactor model. Evidently, high E/P stocks are more susceptible to some risk sources and less susceptible to others compared to low E/P stocks. Although the overall difference in volatility is not particularly dramatic between low and high E/P portfolios,22 holding constant the other style dimensions, the ability to control for multiple risk sources substantially improves the ability to detect extra-risk performance. 22 The sample standard deviations of returns, in percent per month, are as follows for the eight style portfolios (for ease of comparison, organized by matching pairs holding constant the other style dimensions):



Low Size LLL 5.84 LLH 4.92 LHL 5.67 LHH 4.73



High Size HLL 4.82 HLH 4.63 HHL 4.61 HHH 4.21



Low E/P LLL 5.84 LLH 4.92 HLL 4.82 HLH 4.63



High E/P LHL 5.67 LHH 4.73 HHL 4.61 HHH 4.21



Low B/M LLL 5.84 LHL 5.67 HLL 4.82 HHL 4.61



High B/M LLH 4.92 LHH 4.73 HLH 4.63 HHH 4.21
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The slope dummy coefﬁcients corresponding to B/M are signiﬁcantly negative for the ﬁrst and third factors and positive for the fourth and ﬁfth. The coefﬁcient is insigniﬁcant for the second factor. Overall, high B/M stocks are somewhat less volatile; the volatility difference is more obvious than in the case of the E/P dimension. Again, as in the case of E/P, controlling for multiple risk sources renders the return difference along the B/M dimension more statistically reliable. Unlike E/P, risk control also increases the average return differential attributable to B/M. Exhibit 10.9 presents a pictorial view of the risk coefﬁcients and extra-risk returns across the eight style portfolios. The numbers depicted in Exhibit 10.9 consist of the base coefﬁcient (αLLL for the intercept and ßLLL,k for the slope on factor k) plus the appropriate dummy variable coefﬁcients. As can also be seen from the pattern of dummy variable coefﬁcients in Exhibit 10.8, smaller Size is associated with algebraically larger risk coefﬁcients on factors 1 through 4 and a smaller coefﬁcient on factor 5. Larger E/P is associated with slightly smaller risk coefﬁcients on the ﬁrst and second factors and slightly larger coefﬁcients on the third and ﬁfth factors. Larger B/M is associated with smaller risk coefﬁcients on the ﬁrst and third factors and larger coefﬁcients on the fourth and ﬁfth factors. There is clearly a variety of APT risk proﬁles among the style portfolios, and the variation is statistically signiﬁcant. But perhaps the most striking chart is the bottom panel of Exhibit 10.9, which presents the extra-risk return of the eight style portfolios. Increasing either E/P or B/M had a monotonic impact on extra-risk return, holding Size constant. The largest extra-risk returns for either small or large cap stocks are in portfolios in the highest class of both E/P and B/M, while the worst-performing portfolios are in the lowest class of both these measures. The performance rankings by style are close to, but slightly different from, the rankings presented earlier based on raw returns. One notable departure concerns the lowest ranking portfolio in Exhibit 10.9, style HLL. On the basis of raw returns, it is ranked ﬁfth out of eight. This is a bit puzzling because larger cap stocks have lower risks on the ﬁrst four factors.



Correcting for Cross-Sectional Dependence In pooled time series/cross-section regressions, the standard errors of the estimated coefﬁcients are affected by cross-sectional dependence in the regression disturbances. The regression residuals, sample estimates of the true but unobservable disturbances, display considerable dependence in Equation (1), the regression that makes no correction for risk. All the correlations in residuals across style portfolios are positive.23 Their average value is 0.861, and eight of them exceed 0.9. 23



Among the eight style portfolios there are 28 pairwise correlations.
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Estimates from Pooled Time Series/Cross-Section Regression
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After correcting for single-factor market risk in regression (3), all these correlations are closer to zero, although six of them are still larger than 0.5, and the average is 0.287. After correcting for the ﬁve APT risk factors in regression (4), only three (of 28) exceed 0.4 and the average value is 0.115. This is the expected result; most of the cross-portfolio dependence is attributable to common factors. Even though the degree of cross-portfolio dependence is considerably reduced by removing systematic comovement, there could still remain enough dependence to bias inferences. A formal test of whether the 8 × 8 correlation matrix of the residuals from regression (4) is diagonal is rejected at the 0.001 signiﬁcance level.24 Although the correlations are small in magnitude, this test result implies that at least some of them are statistically signiﬁcantly nonzero. To be sure that the remaining cross-sectional dependence does not bias our inferences, we apply the “Seemingly-Unrelated Regressions” (SUR) method of Zellner to the eight style portfolio returns and the associated APT factors.25 In SUR, a separate regression model, with possibly distinct coefﬁcients, is estimated for each style portfolio; simultaneously, cross-regression dependence in the residuals is taken into account when computing standard errors and t-statistics. The ﬁrst step in SUR is simply to ﬁt ordinary least squares (OLS) separately for a regression of the type: R j, t – R f, t = α j



∑k [ βj, k Fk, t ] + εj, t



(5)



where j denotes the style portfolio, (j=LLL, LLH,..., HHH). There are eight separate regressions in this case, one for each style. Then an 8 × 8 cross-sectional covariance matrix is formed from the εs, the OLS residuals. The estimated covariance matrix is then employed in a generalized least squares multivariate regression, which provides revised estimates of the coefﬁcients. A new set of residuals is then computed, and the process is repeated. Most of the time, there is little variation in the coefﬁcient estimates after a few iterations.26 24



The test was derived by T. S. Breusch and A. R. Pagan, “The Lagrange Multiplier Test and its Applications to Model Specification in Econometrics,” Review of Economic Studies (1980), pp. 239–254. It is based on the asymptotic Chi-square distribution of the sum of the correlation coefficients. 25 Arnold Zellner, “An Efficient Method of Estimating Seemingly Unrelated Regressions and Tests of Aggregation Bias,” Journal of the American Statistical Association (1962), pp. 348–368. A convenient discussion is in Judge, et al., op. cit., Chapter 11. 26 Three iterations and the SHAZAM econometrics software were used here. See SHAZAM User’s Reference Manual Version 7.0 (New York: McGraw-Hill), Chapter 25.
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The results are tabulated in Exhibit 10.10 and the coefﬁcients plotted in Exhibit 10.11. An * in Exhibit 10.11 signiﬁes a coefﬁcient that is statistically different from zero at the 1% level. The risk coefﬁcients on the ﬁrst factor have much more than this level of signiﬁcance for all eight style portfolios; the smallest t-statistic is 27. Most of the higher-order risk factors also have signiﬁcant coefﬁcients. The extra-risk returns of ﬁve style portfolios, LLL, LLH, LHH, HLL, and HHL, differ from zero at the 1% level. Comparing the SUR results in Exhibit 10.11 with the simpler pooled time series/cross-section results in Exhibit 10.9, we see that there is little material difference. The patterns among the risk coefﬁcients are virtually identical, although there is some minor variability in the higher-order coefﬁcients for large cap portfolios. The extra-risk returns estimates, however, do differ between the two econometric methods in an interesting way: estimates from SUR display a wider disparity across styles among the four portfolios of small cap stocks but less of a disparity for large cap stocks. By accommodating cross-sectional dependence, the SUR method produces estimates that appear to be even more intuitively consistent with an inefﬁcient markets explanation: If investment styles really do account for differing extrarisk expected returns, one would anticipate the effect to be more pronounced among smaller and thus less well-analyzed stocks. Finally, the SUR method provides a convenient method of testing hypotheses across equations. We are particularly interested here in testing whether the intercepts in all eight regressions with the eight style portfolios are jointly and signiﬁcantly different from zero.27 Of course, from Exhibit 10.10, we can already observe that ﬁve of the eight intercept coefﬁcients have t-statistics in excess of levels usually considered signiﬁcant, so a joint test is likely to provide a similar inference. It does. The joint test of the hypothesis that all eight intercepts are really zero produces a Chi-square statistic of 123.1 with eight degrees of freedom. If the hypothesis were true, the probability of observing such a value is zero to more than ﬁve signiﬁcant digits!



Nonstationarity in Extra-Risk Return One of the most puzzling empirical results in this paper, at least to the author, concerns the estimated relative importance of the three style dimensions, particularly with respect to estimated extra-risk return. In every test, the earnings per share/price (E/P) dimension is the most important. Although book equity/ market equity (B/M) does ﬁnally appear as a signiﬁcant style dimension after accounting for multi-factor risk with the APT, it has a smaller impact than E/ P. Market capitalization has no signiﬁcant effect in any of the tests. 27



A similar procedure is developed for tests of the CAPM in Michael R. Gibbons, “Multivariate Tests of Financial Models: A New Approach,” Journal of Financial Economics (March 1982), pp. 3–27.
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Eight Style Portfolios on Five APT Risk Factors Seemingly Unrelated Regressions, April 1984–March 1994, Monthly Style Portfolio (IJK: I = Size, J = E/P; K = B/M, each one either Low or High)
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These ﬁndings are puzzling because they seem to conﬂict with earlier results. Size, for example, is perhaps the earliest style dimension documented by rigorous research to yield extra-risk return (relative to a single risk factor).28 The more recent Fama/French article also presents evidence that Size is inversely cross-sectionally related to average return, although its inﬂuence was somewhat larger before 1977.29 Fama/French conclude that E/P is not an important explanatory variable for average return after controlling for Size and B/M. The data samples in previous research are of course drawn from an earlier period, and the empirical methods differ to some extent. It does not seem likely, however, that empirical methods could cause the differential results. In the sample decade of this paper, high E/P stocks performed better, whether or not returns are adjusted for risk. It is hard to believe that an alternative empirical method would make any difference. If the results are chieﬂy sample period-speciﬁc, they represent just another level of the investment enigma: style may matter, and style investing may produce extra-risk return, but which particular style is most important now? If styles change rapidly, the practical investor may derive little beneﬁt from knowing that styles even exist. If they change more slowly, there is hope that they can be tracked and exploited with appropriate analytics. In a preliminary foray along this path, the simplest type of intertemporal model, a deterministic time trend, was appended to the intercept terms, and then Seemingly-Unrelated Regressions (SUR) were recomputed for the eight style portfolios. The idea was to estimate whether the extrarisk returns of any of the eight style portfolios, as measured by their intercepts, had a reliably different value at the beginning and the end of the sample period. The amended SUR regression for style portfolio j is Rj,t − Rf,t = αj,0 + αj,timeτ +



∑k [ßj,kFk,t] + εj,t



(6)



where τ is a linear time index.30 Given the base intercept, αj,0, and the slope coefﬁcient on time, αj,time, an estimate of the extra-risk return for 28



See Rolf W. Banz, “The Relationship Between Return and Market Value of Common Stocks,” Journal of Financial Economics (March 1981), pp. 779–794. 29 Black, op. cit., argues that the size effect was originally uncovered by data mining. He notes: “In the period since the Banz study (1981–1990), they [Fama/French] find no size effect at all, whether or not they control for beta [single factor risk] . . . . Lack of theory [about why there should be a relation between size and return] is a tip-off; watch out for data mining!” (p. 9, bracketed phrases added for clarification). 30 For convenience, τ = t/120 for the tth month of the sample period.
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portfolio j at any time τ is simply αj,0 + αj,timeτ. Exhibit 10.12 presents values of the extra-risk returns for each of the eight style portfolios at three different points during the sample period, the beginning, middle, and end, from the SUR regressions. The middle bars, those for April 1, 1989, are almost identical to the average extra-risk returns reported in Exhibits 10.10 and 10.11. But among the four small market capitalization style portfolios, on the left side of Exhibit 10.12, there is a substantial reduction in extra-risk return during the sample period. For each of the four small Size style portfolios, the estimated extra-risk return was closer to zero at the end than at the beginning of the decade. There is not such a clear pattern among the large Size portfolios. However, the statistical signiﬁcance of this nonstationarity is questionable. None of the t-statistics associated with αj,time is large for any j; the largest in absolute value is only 1.46. A joint test that they are all zero produces a Chi-square statistic of 14.8 with 8 degrees of freedom. This implies a signiﬁcance level of about 6%. The ex post odds are almost 20-to-1 that at least some of the eight coefﬁcients are nonzero, but no particular coefﬁcient can be singled out as responsible. Thus, there is marginally signiﬁcant evidence that style-speciﬁc returns are nonstationary. A model more sophisticated than a simple deterministic time trend may provide interesting details about the extent and form of the nonstationarity. EXHIBIT 10.12



Estimated Trends in Extra-Risk Return from Seemingly Unrelated Regressions with Deterministic Time Trend Intercepts
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A Caveat About Risk Adjustment and Pricing Efﬁciency Any risk adjustment model that employs factor portfolios is subject to a technical problem: If the risk factors cannot be combined linearly to produce an ex ante mean-variance efﬁcient portfolio, expected returns cannot be expressed as linear combinations of risk coefﬁcients.31 This implies that the intercept terms in our regressions could differ signiﬁcantly across style portfolios without necessarily implying pricing inefﬁciency. In the context of a single-factor model, Roll and Ross show that even minor departures of the index from mean-variance efﬁciency can allow room for considerable cross-sectional variation in what appears to be “extra-risk” return.32 As a consequence, the evidence that risk models do not eliminate signiﬁcant investment performance variation across styles is consistent not only with pricing inefﬁciency but also with a technical failure of the risk factors to be mean-variance efﬁcient portfolios. From a practical investment viewpoint, however, this has virtually no operational relevance. If an investor had structured a portfolio during the past decade to have larger investments in high E/P and B/M stocks while holding risk at the same level as either the S&P 500 or at the same multiple levels as every one of ﬁve APT factors, the performance results would have been splendid. The portfolio would have outperformed benchmarks with equivalent single-factor or multiple-factor risk proﬁles without displaying any greater total volatility. Whether this result was induced by market inefﬁciency or simply because the structured portfolio was closer to the true efﬁcient frontier might be an interesting issue for the scholar; but the investor enjoying surplus wealth could probably care less!



SUMMARY Using U.S. domestic equity returns over the past decade, from early 1984 through early 1994, stocks were classiﬁed by three indexes of investment style: market capitalization (Size), earnings per share/price (E/P), and book equity/market equity (B/M). At the beginning of each sample month, all listed and OTC stocks in the upper and lower halves of these variables were assigned to separate groups, thereby creating



31



This result was emphasized about previous single-factor CAPM tests in Richard Roll, “A Critique of the Asset Pricing Theory’s Tests,” Journal of Financial Economics (March 1977), pp. 129–176. 32 Richard Roll and Stephen A. Ross, “On the Cross-Sectional Relation Between Expected Return and Betas,” Journal of Finance (March 1994), pp. 101–121.
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eight style portfolios. The subsequent monthly return was then observed for each portfolio. Style portfolios had dramatically different performance over the decade. The best portfolio (LHH, for low Size, high E/P, and high B/M) outperformed the worst portfolio, LLL, by more than 15% annually. Using pooled time series/cross-section regressions with dummy variables for investment style, the raw return differences were found to be statistically signiﬁcant. Both the single-factor CAPM (with the S&P 500 as the factor) and the multifactor APT (with ﬁve factors) were employed in an effort to determine whether style performance could be attributed to risk. Style portfolios do differ markedly in their risk proﬁles. There is substantial statistical evidence that all three style dimensions are associated with diverse sensitivities to various risk factors, a broad market factor and higher order factors. Yet, the risk models used here do not fully explain style performance. There is statistically signiﬁcant evidence in this empirical sample that style is associated with extra-risk return. Speciﬁcally, a high E/P portfolio returned more than 60 basis points per month in extra performance over the decade, holding constant both multifactor APT risks and other dimensions of style. The estimated t-statistic for this effect was 6.3. Similarly, a high B/M portfolio returned about 30 basis points per month in extra performance with a t-statistic of 3.0. Size is the style exception; it was associated with no signiﬁcant difference in returns. Various speciﬁcation tests were conducted to assure that econometric difﬁculties were not responsible for the results. The Seemingly Unrelated Regressions method was employed to ascertain the impact, if any, of cross-sectional dependence in the pooled time series/cross-section model. Although there is evidence of minor cross-sectional dependence, correcting it with SUR actually strengthens the conclusions about extrarisk return to E/P and B/M, particularly in the small size group of style portfolios. The three style dimensions are ranked differently here from previously published research, a fact that raises the specter of nonstationarity. A cursory empirical investigation was initiated into whether style returns change substantially over time. Using a very simple model, a deterministic time trend in extra-risk returns, there is marginally signiﬁcant evidence that styles have changed in comparative importance over the decade. In general, extra-risk return appeared to diminish among smaller ﬁrms. A more sophisticated intertemporal model might well produce more meaningful and signiﬁcant nonstationary effects and better investment performance.
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The Persistence of Equity Style Performance: Evidence from Mutual Fund Data Ronald N. Kahn, Ph.D. Head of Active Equities Barclays Global Investors Andrew Rudd, Ph.D. Chairman BARRA, Inc.



he question of whether historical performance predicts future performance is central to investing. We recently published the results of a comprehensive study of this question in the Financial Analysts Journal.1 Using style analysis, we analyzed the persistence of performance for equity and ﬁxed income mutual funds. We explicitly accounted for survivorship bias, fees and expenses, and used multiple databases to minimize the incidence of data errors. We found no evidence for persistence of equity fund performance. We found some evidence of persistence of ﬁxed income mutual fund performance; however, this persistence did not provide investors with a sufﬁcient edge to overcome the average underperformance of these mutual funds.



T



1



Ronald N. Kahn and Andrew Rudd, “Does Historical Performance Predict Future Performance?” Financial Analysts Journal (November/December 1995), pp. 43–52.
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Here we will update and extend the previous study for equity mutual funds along ﬁve lines of investigation. We will study a new time period. We will explicitly look at the issue of survivorship bias using this new time period. We will sharpen a blunt methodological tool, which tested whether above median funds remained above median, and now test whether top quartile funds persist. We will distinguish between fund persistence and manager persistence. And, to minimize reliance on style analysis, we will explicitly focus on just one type of fund, in this case, equity growth funds.



PREVIOUS RESEARCH Many academics have investigated the persistence of performance, and their studies fall into two camps. Several studies have shown, based on different asset classes and different time periods, that performance does not persist. Jensen looked at the performance of 115 mutual funds over the period 1945–1964 and found no evidence for persistence.2 Kritzman reached the same conclusion examining the 32 ﬁxed income managers retained by AT&T for at least 10 years.3 Dunn and Theisen found no evidence of persistence in 201 institutional portfolios from 1973 to 1982.4 And Elton, Gruber, and Rentzler showed that performance did not persist for 51 publicly offered commodity funds from 1980 to 1988.5 Several other diverse studies, however, have found that performance does persist. Grinblatt and Titman found evidence of persistence in 157 mutual funds over the period 1975 to 1984.6 Lehman and Modest report similar results looking at 130 mutual funds from 1968 to 1982.7 In the U.K., Brown and Draper demonstrated evidence for persistence 2



M. Jensen, “The Performance of Mutual Funds in the Period 1945–1964,” Journal of Finance, 23 (1968) pp. 389–416. 3 M. Kritzman, “Can Bond Managers Perform Consistently?” Journal of Portfolio Management, 9 (1983), pp. 54–56. 4 P. Dunn and R. Theisen, “How Consistently Do Active Managers Win?” Journal of Portfolio Management, 9 (1983), pp. 47–50. 5 E. Elton, M. Gruber, and J. Rentzler, “The Performance of Publicly Offered Commodity Funds,” Financial Analysts Journal, 46 (1990), pp. 23–30. 6 M. Grinblatt and S. Titman, “The Evaluation of Mutual Fund Performance: An Analysis of Monthly Returns,” Working Paper 13–86, John E. Anderson Graduate School of Management, University of California at Los Angeles (1988). 7 B. Lehmann and D. Modest, “Mutual Fund Performance Evaluation: A Comparison of Benchmarks and Benchmark Comparisons,” Journal of Finance, 21 (1987), pp. 233–265.
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using data on 550 pension managers from 1981 to 1990.8 Hendricks, Patel, and Zeckhauser documented persistence of performance in 165 equity mutual funds from 1974 to 1988.9 Recently Goetzmann and Ibbotson showed evidence for persistence using 728 mutual funds over the period 1976 to 1988.10 In our previous study, after accounting for several effects which may have biased other studies, we found no evidence for persistence of performance for 300 equity funds from October 1988 through September 1994. We did however ﬁnd evidence for persistence of performance for 195 bond funds from October 1991 through September 1994. Unfortunately, the persistence we found in bond fund returns was insufﬁcient for an outperforming investment strategy: it could not overcome the average underperformance of bond mutual funds. Further studies of this topic continue to generate mixed results. Looking at equity funds, Malkiel found evidence for persistence of performance in the 1970s disappearing in the 1980s.11 However, Gruber, also looking at equity mutual funds from 1985–1994, found persistence so strong, he argued, as to explain the growth in active mutual funds. 12 Now we will describe our methodology, summarize our previous results, and then present the new results.



PERFORMANCE MEASURES We can measure mutual fund performance in several possible ways, including total or excess returns, risk-adjusted returns (alphas or selection returns), and information ratios (ratios of return to risk). We can extract alphas from excess returns through the following regression: rn ( t ) = αn + βn × rB ( t ) + εn ( t ) 8



(1)



G. Brown and P. Draper, “Consistency of U.K. Pension Fund Investment Performance,” University of Strath Clyde Department of Accounting and Finance, Working Paper (1992). 9 D. Hendricks, J. Patel, and R. Zeckhauser, “Hot Hands in Mutual Funds: ShortRun Persistence of Performance in Relative Performance, 1974–1988,” Journal of Finance (March 1993), pp. 93–130. 10 W. N. Goetzmann and R. Ibbotson, “Do Winners Repeat?” Journal of Portfolio Management (Winter 1994), pp. 9–18. 11 Malkiel, Burton G., “Returns from Investing in Equity Mutual Funds 19711991,” Journal of Finance (June 1995), pp. 549–572. 12 Gruber, Martin J., “Another Puzzle: The Growth in Actively Managed Mutual Funds,” Journal of Finance (July 1996), pp. 783–810.
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where rn(t) is the monthly excess return to the fund in month t, rB(t) is the monthly excess return to the benchmark, and αn is the fund’s estimated alpha. The information ratio is the annualized ratio of residual return to residual risk. In equation (1), it is the ratio of alpha to the standard deviation of εn(t), annualized. The past studies of performance persistence have mainly deﬁned performance using total returns or alphas. Lehman and Modest have shown that the choice of benchmark can critically impact the resulting estimated alpha. Although the benchmark has a severe impact on individual fund alphas, it has somewhat less inﬂuence on fund performance rankings. In the context of arbitrage pricing theory models, Lehman and Modest emphasized the importance of knowing the appropriate risk and return benchmark.



EQUITY STYLE ANALYSIS We will look at performance using style analysis as developed by Sharpe to extract both selection returns and information ratios.13 Selection (or style-adjusted) returns credit manager performance relative to a “style” benchmark. Generalizing on equation (1), we estimate selection returns using only the portfolio’s returns, plus the returns to a set of style indexes; formally, r(t) =



∑ wj ⋅ fj ( t ) + ψ ( t )



(2)



where wj is the portfolio’s weight in style j. These weights deﬁne the style benchmark, and ψ(t) is the return in excess of that benchmark. We estimate these weights and the selection returns, ψ(t) using a quadratic program to minimize Var[ψ(t)] subject to the constraints that the weights are positive and sum to 1. For equity funds, the style indexes include the S&P500/BARRA value and growth indexes, the S&P midcap 400/BARRA value and growth indexes, and the S&P small cap 600 index, plus a Treasury bill index. In contrast to alphas estimated via the unconstrained regression (equation (1)), which are uncorrelated (by mathematical construction) with the benchmark, selection returns estimated with constraints on style weights can contain remaining market exposures. The beta of the equity style benchmark is bound by the betas of the lowest and highest index betas. 13



William F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” Journal of Portfolio Management (Winter 1992), pp. 7–19.
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The style weights deﬁne the style benchmark as a weighted average of the style indexes. For performance analysis, we estimate this style benchmark at time t, using returns in a 36- to 60-month trailing window (based on data availability), with a one month lag. Thus the style benchmark at time t is based on returns from { ( t – 2 ) to ( t – 1 ), ( t – 3 ) to ( t – 2 ), …, ( t – 61 ) to ( t – 60 ) } The selection return over the period from t to (t+1) is then the portfolio return over that period minus the style benchmark return. This method for estimating the style benchmark insures an out-of-sample selection return, and the one-month lag, in principle, allows the manager to know the relevant benchmark before time t. We believe selection returns as estimated above to be the best estimate currently available (using only returns data) of a “level playing ﬁeld” on which to compare manager performance. This formulation is an embellishment of Jensen’s original idea of controlling for market exposure before analyzing performance. Style analysis controls for several investment styles. Looking forward, the investor chooses an appropriate style benchmark for investment and then selects managers to exceed that benchmark. In the context of style analysis, the information ratio is the ratio of selection return mean to standard deviation, annualized. If investors wish to maximize the risk adjusted selection returns deﬁned in the standard mean/variance framework, α−λω2, then they will always prefer the highest information ratio managers.14 Looking forward, after choosing the style benchmark, investors will wish to select the managers with the highest information ratios.



METHODOLOGY Our ﬁrst test of persistence will use regression analysis, regressing period T performance against period T−1 performance: Performance (T) = a + b × Performance (T − 1) + ε



(3)



where “performance” can be cumulative total returns, cumulative selection returns, or information ratios. Positive estimates of the coefﬁcient b with signiﬁcant t-statistics are evidence of persistence: Period 1 performance contains useful information for predicting Period 2 performance. 14



For further justification of this point, see Richard C. Grinold and Ronald N. Kahn, Active Portfolio Management (New York: McGraw-Hill, 2000).
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We will also use contingency tables to analyze performance persistence. For contingency analysis, we sort the funds into winners and losers in period T−1, and winners and losers in period T. We distinguish winners from losers by ranking fund performance according to the performance measure of interest and deﬁning the top half of the list as winners and the bottom half of the list as losers. Statistical evidence showing that winners in period 1 remain winners in period 2, helps prove the case for persistence of performance. The contingency tables show the numbers of funds that were winners in both periods, losers in both periods, winners then losers, and losers then winners. Exhibit 11.1 is an example of such a 2 × 2 contingency table. Later we will also use 4 × 4 contingency tables, with performance each period ranked into quartiles. Because half the funds are winners and half are losers in each period by deﬁnition, if performance does not persist, the numbers in each bin should be equal. Evidence for persistence will be (statistically signiﬁcantly) higher numbers in the diagonal bins (winners remaining winners and losers remaining losers). To analyze statistical signiﬁcance we calculate: 2



χ =



∑



2



( Oi – Ei ) ------------------------Ei



(4)



where Oi is the observed number in each bin, and Ei is the expected number in each bin, and χ2 follows a chi-square distribution with 1 degree of freedom in the case of a two-by-two table, and (R−1) × (C−1) degrees of freedom in an R by C contingency matrix. In our original study, we looked at whether equity fund performance from October 1988 through September 1991 (Period 1 or “P1”) persisted in the period from October 1991 through September 1994
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(“P2”). Exhibit 11.2 displays all our results for equity mutual funds. The exhibit displays several test results for our three performance measures, for several particular studies. Each displayed test result includes a raw measure, a related statistic, and an estimate of statistical signiﬁcance, with results highlighted if the statistical signiﬁcance for persistence exceeds 95%. For the contingency tables, the raw measure was the probability of winners remaining winners or top quartile performers remaining winners, the statistic was the χ2 statistic, and the statistical signiﬁcance was the probability that random data would generate a χ2 statistic that large. For the regression analysis, the raw measure was the estimated slope (b coefﬁcient), the statistic was the t-statistic, and the statistical signiﬁcance was the probability that random data would generate a tstatistic that large in magnitude. Our Financial Analysts Journal study looked just at persistence from Period 1 to Period 2 (the “FAJ study” in the exhibit), using two tests (the winners/losers contingency tables, or “W→W” in the exhibit; and the slope and t-statistic from the regression analysis). The results (but not the conclusions) in Exhibit 11.2 differ slightly from previously published numbers, due to some error corrections in the raw returns data. Exhibit 11.2 shows that we found no statistically signiﬁcant evidence (at the 95% conﬁdence level) for the persistence of total returns, selection returns, or information ratios, using regression analysis and contingency tables. We do see signiﬁcant contingency tables for total returns, but these identify mean reversion, not persistence. Period 1 winners had only a 41.3% chance of remaining winners in Period 2. Top quartile funds in Period 1 had only a 46.7% chance of being Period 2 winners.



THE NEW STUDY We will now describe the results of several extensions to the previous study. We have extended our study to a third period from October 1994 through November 1995 (labeled “P3”). We have looked at evidence for persistence of performance from Period 2 of our previous study through Period 3 of the new study. Let us focus on tests based on regression analysis and two way (winner/loser) contingency tables. Exhibit 11.2 includes these results in the study labeled “P2→P3 regular.” Based on these tests, we see no evidence of persistence of performance from Period 2 to Period 3 for total returns, selection returns, or information ratios.
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EXHIBIT 11.2



Equity Fund Results W→W



T→W



N



(p)



(p)



41.3% 9.01 (0.003) 53.1% 1.24 (0.265) 53.3% 1.33 (0.248) 42.5% 3.60 (0.058) 42.6% 1.78 (0.182) 41.4% 3.45 (0.063)



46.7% 26.1 (0.002) 45.8% 23.89 (0.004)



−0.037 −0.80



50.0% 10.40 (0.319) 52.2% 10.64 (0.302) 41.4% 11.72 (0.229)



0.010 0.171 (0.865) 0.054 0.68 (0.498) 0.001 0.02 (0.984)



52.0 13.81 (0.129) 50.0% 41.46 (0.001)



0.068 1.07 (0.284) 0.078 1.85 (0.066)



50.0% 10.20 (0.335) 56.5% 11.13 (0.267) 51.7% 6.21 (0.719)



0.202 2.46 (0.015) 0.299 2.87 (0.005) 0.138 1.76 (0.080)



χ2



Study



χ2



Slope t-stat (p)



Total Returns P1→P2



FAJ study



300



P2→P3



regular



291



P2→P3



inc. deceased funds



300



P1→P2



managers not funds



160



P1→P2



long-tenure managers



P1→P2



equity growth funds



95



116



(0.427) 0.074 1.55 (0.121)



Selection Returns P1→P2



FAJ study



300



P2→P3



regular



291



P2→P3



inc. deceased funds



300



P1→P2



managers



160



P1→P2



long-tenure managers



P1→P2



growth funds



95



116



52.7% 0.85 (0.356) 54.5% 2.50 (0.114) 54.0% 1.92 (0.166) 46.2% 0.90 (0.343) 55.3% 1.27 (0.259) 53.4% 0.55 (0.458)
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EXHIBIT 11.2 (Continued) W→ W



T→W



N



(p)



(p)



Slope t-stat (p)



52.0% 0.48 (0.488) 51.0% 0.17 (0.682) 52.7 0.85 (0.356) 48.8% 0.10 (0.752) 57.4% 2.37 (0.124) 51.7% 0.14 (0.710)



50.7% 4.32 (0.889) 59.7% 18.12 (0.034)



0.14 1.83 (0.069) 0.010 0.08 (0.938)



47.5% 3.00 (0.964) 56.5% 6.18 (0.722) 51.7% 5.10 (0.825)



0.107 1.30 (0.195) 0.197 2.07 (0.041) 0.142 1.44 (0.154)



χ2



Study



χ2



Information Ratios P1→P2



FAJ study



300



P2→P3



regular



291



P2→P3



inc. deceased funds



300



P1→P2



managers not funds



160



P1→P2



long-tenure managers



P1→P2



growth funds



95



116



Of the 300 equity funds previously studied, 291 survived through Period 3. When we looked at persistence of winner and losers from Period 2 to Period 3, we used data only from the surviving funds. To understand some of the implications of survivorship bias, we went back and redeﬁned all deceased funds as losers in Period 3. Exhibit 11.2 labels these results as the “P2→P3 including deceased funds” study. Exhibit 11.2 shows that the equity contingency tables were all insigniﬁcant before and after this change.



Quartile Analysis One criticism of our previous study was that it focused only on winners and losers—those in the top half of funds and those in the bottom half of funds. Since investors often focus on top quartile performers, we have extended our study to look at performance of different quartiles, and persistence of performance in quartiles, to see whether this more detailed analysis can ﬁnd evidence of persistence.
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Equity IR: Period 2–Period 3



To summarize our results, Exhibit 11.2 shows the probability of top quartile funds in one period being above median funds in the next period (labeled “T→W” in the tables), along with χ2 statistics and probabilities of observing them with random data. Unfortunately the χ2 test just looks for any deviations from random, whether the deviation implies persistence, mean reversion, or some other perverse pattern (e.g., second quartile moving to fourth quartile). To detect persistence, we will look for probabilities well above 50%, combined with signiﬁcant χ2 statistics. There appears to be evidence of persistence in the quartile analysis for equity selection returns and information ratios from Period 2 to Period 3. The persistence among the equity funds was somewhat surprising. Exhibit 11.3 shows the results. For equity information ratios from Period 2 to Period 3, the probability of a winner remaining a winner, i.e., remaining in the top half of all funds, was 51%. However, the probability of that top quartile fund remaining in the top half in period two was 59.7%, an enhanced result. We then looked at the investment implications, focusing on information ratios. We display the relevant data in Exhibit 11.4. Using quartile rankings improves investment performance, but not enough to rise above water. The investment strategy of betting on winners achieves an information ratio of −0.23. The investment strategy of betting on top quartile funds achieves an information ratio of −0.07. Given the probability of a top quartile performer shifting into each of the four quartiles in the next period and the average information ratio in each of those quartiles, even this edge cannot overcome the average underperformance.
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Investment Implications: Equity IR



Fund Persistence versus Manager Persistence In our previous study, we looked effectively at fund persistence, not manager persistence. We did not screen funds based on whether they maintained the same manager over the entire time period. And, we did not compile statistics on manager performance if they moved from one fund to another. To extend our study to look at manager persistence, we focused on Period 1 and Period 2 again and deleted all funds that changed managers over these periods. Since our analysis requires an extensive in-sample period to determine initial fund styles, we also studied the effect of requiring the same manager over Periods 1 and 2, and the in-sample period. For both studies, we used the Morningstar Database of manager tenure at the end of Period 2 to delete funds where the tenure did not extend back at least to the beginning of Period 1 or the beginning of the in-sample period. Exhibit 11.2 presents these results. The studies labeled “P1→P2, managers not funds” require the same manager over the two out-ofsample periods. The studies labeled “P1→P2, long-tenure managers” require the same manager over the two out-of-sample periods as well as the in-sample period. For the equity funds the ﬁrst restriction reduced us from 300 funds to 160 managers, and the second restriction reduced us further to 95 managers. For the equity funds, we found only slight differences when looking at managers not funds. Focusing on the equity fund managers, we found only one signiﬁcant result: the t-statistic from analyzing selection returns became signiﬁcant. At the same time, the χ2 statistic was insigniﬁcant.
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Focusing on the long-tenure equity managers, we see another increase in signiﬁcance. We now see signiﬁcant t-statistics for selection returns and information ratios. We still do not see any signiﬁcant χ2 statistics for the long-tenure managers. Once again, part of the problem may be the small sample size. At the same time, our approach to focusing on long-tenure managers may exacerbate survivorship bias problems. So we do not interpret these results as strong evidence for persistence.



EQUITY GROWTH FUNDS Another criticism of our previous study was that we lumped together different types of equity funds, and, for example, compared value managers outperforming value benchmarks to growth managers outperforming growth benchmarks. Of course, this is one important use of style analysis. Still, to investigate such criticisms, we have extended the study to focus on just one particular fund group to minimize this effect. We looked at equity growth funds, choosing a large group of funds to help with the statistical analysis of the results. Once again, we looked at Period 1 to Period 2 persistence, and we deleted all equity funds, unless their objective according to Morningstar was growth. This left us with 116 funds. Exhibit 11.2 displays the results in the study labeled “P1→P2, growth funds.” We see no signiﬁcant persistence anywhere for these growth funds. One could argue that growth funds focus on a relatively efﬁcient part of the market, and we should look at small cap funds instead. However, there we may not have enough fund data for a statistically valid analysis.



PERSPECTIVE How can we put all these results in perspective? These studies have focused on past performance and effectively looked at means and at aggregate performance of different groups. They show that historical analysis of returns alone cannot pick out the persistent winners. This is distinct from saying that there are no persistent winners. We have simply shown that a variety of quantitative screens of past returns cannot consistently separate the persistent winners from the lucky. Here is another way to think about this. Imagine that there are two different populations in the world. There are persistent winners who
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consistently ﬂip heads. And, then there are coin tossers who ﬂip heads or tails at random, though with tails slightly more likely so that the probability of heads and tails is equal over the sum of these two populations. We can then analyze persistence of coin toss ability on the total population. The persistent winners will always show persistence. Some of the coin tossers will show persistence and some will not. From the observed amount of persistence though, we can back out what fraction of our population are the persistent winners, even if no statistical screen can identify them precisely. This is not quite a perfect model of skillful active managers. Even the best managers cannot outperform every single quarter. Still, we have applied this idea to the persistence results for equity information ratios. It appears that roughly 3% of all funds might be persistent winners. We are just not sure which funds those are.



CONCLUSION We have extended our 1995 Financial Analysts Journal study of persistence of mutual fund performance. Focusing only on equity funds, our new results are consistent with those of the previous study. The past return history is not enough to predict the future. There may be skillful and persistent managers out there, but it is hard to ﬁnd them.



CHAPTER



12



How the Technology Bubble of 1999–2000 Disrupted Equity Style Investing Kari Bayer Pinkernell Senior U.S. Strategist Merrill Lynch Richard Bernstein Chief U.S. Strategist Chief Quantitative Strategist Merrill Lynch



hile many speculative periods have existed in the U.S. equity market in the postwar era, it appears as though none have had an impact quite like the recent Technology bubble. The so-called Technology bubble started to expand in late 1998, as the economy entered one of the biggest investment spending booms in history. The ﬁrst part of the Technology bubble was related to the Internet and corporate fears of being left behind. The second part was related to preparation for year 2000. As we will discuss in this chapter, many corporations spent millions of dollars on Technology, damaging equity markets worldwide and the overall U.S. economy.
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EXHIBIT 12.1 Number of Technology Companies in the Merrill Lynch Universe (1980 to December 2001)



TE



Source: Merrill Lynch Quantitative Strategy



DEFINING THE TECHNOLOGY BUBBLE The result of the technology spending boom was overcapacity and fragmentation. The frenzy resulted in the creation of many new technologies and technology companies. As a result, the number of companies being added to the Technology sector was faster than the rate of growth of Technology-related GDP. There were few barriers to entry and therefore the Technology pie was being sliced up faster than it was able to grow. This is typical of a fragmented industry. Exhibit 12.1 depicts the number of Technology companies in the Merrill Lynch database. Notice that the number of Technology companies has grown exponentially throughout the 1990s. In fact, there are roughly 50% more Technology companies at the end of 2001 than there were in 1998 when the Technology bubble began to form. As a result there are too many companies ﬁghting for the same market share. While some companies have merged or gone out of business, the Technology sector probably needs to consolidate much further if it is to become a growth sector again. It is unlikely that the U.S. economy will experience a spending boom in the near future like the one leading up to Y2K. Perhaps most important is that any boom today will need to be shared with 50% more companies than in 1998. It is going to be very difﬁcult for marginal Technology companies to survive. Until the marginal technology companies consolidate or go out of business, it may be very difﬁcult for the Technology sector to survive.
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EXHIBIT 12.2 “Bottom-Up” 5-Year Projected EPS Growth Rates for the Technology Sector



Source: Merrill Lynch Quantitative Strategy, Merrill Lynch Fundamental Research



It is somewhat surprising that the Technology sector has experienced only minimal consolidation, given the implosion of long-term growth expectations and operating margins. Exhibit 12.2 shows the ﬁve-year projected growth rates for the Technology sector made by Merrill Lynch analysts. Notice that since the peak in September 2000, growth expectations for the Technology sector have fallen dramatically. In fact, the ﬁve-year projected growth rate as of March 2002 is actually lower than the long-term average projection. Although expectations have fallen, the long-term trend in earnings growth for the Technology sector is really only about six percent. Exhibit 12.3 shows operating margin forecasts made by Merrill Lynch analysts for the ﬁfteen largest NASDAQ Technology stocks. There have been four different updates to this exhibit, and operating margin forecasts have been reduced each time. In fact, margins in 2002 are forecasted to be the weakest of the last eleven years. Without further consolidation, margins will most likely remain under pressure. Thus far we have reviewed the plentiful implications of the Technology bubble for the Technology sector. Now let us look at its implications for the rest of the U.S. equity market. The Technology bubble seems to have signiﬁcantly distorted equity style investing and particularly the relationships between growth and value. The rest of this chapter discusses the historical relationships between growth and value, and how the Technology bubble altered those long-standing relationships.
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EXHIBIT 12.3 Average Forecasted Operating Margin of the Top 15 NASDAQ Tech Stocks by Market Value



Source: Merrill Lynch Quantitative Strategy; Merrill Lynch Fundamental Research



DEFINING GROWTH AND VALUE We have developed two different indexes to measure growth and value. The ﬁrst set of indexes measures the change in net asset value of nine large capitalization growth funds and nine large capitalization value funds. These indexes are equal-weighted and attempt to measure manager performance as opposed to stock performance. The advantage to using mutual fund indexes is that they show actual manager performance, as opposed to the performance of a universe of stocks from which managers could have chosen. The disadvantages are: a manager may have a difﬁcult time outperforming a particular equity style benchmark causing the manager to “drift” in search of outperformance; or a particular manager might be superior to other managers perhaps enhancing performance. In either case, the probability that manager performance is identical to true style performance is relatively low. Exhibit 12.4 lists the mutual funds that make up the two indexes. The second set of indexes measures stock price performance of growth and value. For the last sixteen years, we have monitored two stock selection strategies that we would classify as “pure” growth and “pure” value portfolios. The term “pure” is used because the portfolios are those stocks in the S&P 500 that are made up of the companies that show the most extreme values of the particular characteristic.
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Constituents of Proprietary Mutual Fund Growth and Value Indexes



Growth Funds American Century Mutual Fund T Rowe Price Growth Fund Amcap Fund Fidelity Destiny Nicholas Fund Growth Fund of America Smith Barney Appreciation Fund Van Kampen Pace Fund GE S&S Program



Value Funds Dreyfus Fund Investment Co. of America Putnam Fund for Growth and Income American Mutual Pioneer Value Fund Lord Abbot Afﬁliated Fund Mutual Shares Washington Mutual Vanguard/Windsor Fund



The “pure” value portfolio is comprised of the ﬁfty stocks in the S&P 500 with the highest earnings yield. High earnings yield is the inverse of low price/earnings; i.e., E/P instead of P/E. Companies that might have an inﬁnite P/E because they don’t have earnings would simply have an earnings yield of zero percent.) The “pure” growth portfolio is comprised of the ﬁfty stocks in the S&P 500 with the highest ﬁve-year projected EPS growth rates. The two portfolios are equal-weighted and rebalanced monthly. We believe this method of deﬁning growth and value stocks is superior to those that require stocks to be either growth or value (e.g., mutually exclusive deﬁnitions) because our deﬁnition allows stocks to be both growth and value. S&P/Barra has created mutually exclusive growth and value indexes using price-to-book values. The growth index consists of those stocks with high price-to-book values, and the value index consists of those stocks with low price-to-book values. The growth index is 50% of the S&P 500 by market capitalization with the highest price-to-book value, and the value index is the 50% with the lowest price-to-book value. Because these deﬁnitions are mutually exclusive, they force stocks to be either growth or value. In addition, the deﬁnition of growth used is not representative of those companies that have demonstrated superior growth, but rather those companies that have higher valuations. Frank Russell Company has created growth and value indexes similar to S&P/Barra, but use projected growth as well as price-to-book. The price-to-book variable is similar to that of S&P/Barra. The second variable is the forecasted long-term growth rate that is used to identify superior or inferior growers. A proprietary formula is then used to rank stocks based on the two variables as either growth or value or both.
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Unlike S&P/Barra, Russell does not consider growth and value to be mutually exclusive. Approximately seventy percent of companies are classiﬁed as pure growth or pure value and approximately thirty percent have some portion in both the growth and value universes. Regardless of which deﬁnition of growth and value is used, the general direction of equity style performance is similar across methodologies. The magnitude, however, can be different. Exhibits 12.5 through 12.8 depict the relative performance of growth and value using each classiﬁcation. The same axis is used throughout to show the magnitude of performance using the various deﬁnitions. Notice that the “pure” growth and value stock portfolios display the most volatile relative performance, while the mutual fund indexes display the least volatile relative performance. This makes sense given the extreme variables used in the stock portfolios to deﬁne growth and value. The mutual fund index smooths out some of the volatility as it is more diversiﬁed.



DEFINING QUALITY We use the S&P Common Stock Rankings to deﬁne quality. Although not widely used, the S&P Common Stock rankings provide signiﬁcant information regarding the quality of a large universe of companies. S&P ranks several thousand companies based on the companies’ stability in the growth of earnings and dividends over the last ten years. A company with extremely stable earnings and dividend growth would be rated an A+, whereas a company in bankruptcy or reorganization would be rated a D. These rankings are similar to the more widely followed debt rankings; however, the stock rankings are generated quantitatively not subjectively. By doing so, S&P has an unbiased quality measure. The S&P Common Stock Rankings are A+, A, A–, B+, B, B–, and C/D. Each index is equal-weighted and rebalanced monthly. We deﬁne high quality as those stocks with rankings of B+ or better and low quality as those stocks with rankings of B or worse. The distribution of the stock rankings is approximately normal, with fewer companies ranked A+ or C/D, and a large number of stocks ranked B+ or B. Approximately 40% of the universe is not rated. This implies that these companies have most likely not been in existence for ten years. New issues that have increased substantially over the past ﬁve years because of the Technology bubble dominate the not-rated universe. Exhibit 12.9 shows the distribution of the roughly 1600 companies in the Merrill Lynch database by common stock ranking in March 2002.
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EXHIBIT 12.5 Relative Performance of the Growth Mutual Fund Index versus the Value Mutual Fund Index



Source: Merrill Lynch Quantitative Strategy



EXHIBIT 12.6



Relative Performance of “Pure” Growth versus “Pure” Value



Portfolios



Source: Merrill Lynch Quantitative Strategy
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Relative Price Performance of the S&P/Barra Growth and Value



Indexes



Source: Merrill Lynch Quantitative Strategy



EXHIBIT 12.8



Relative Performance of Russell 2000 Growth and Value Indexes



Source: Merrill Lynch Small Cap Research
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EXHIBIT 12.9 Distribution of S&P Common Stock (Universe of Approximately 1,600 Companies)



Source: Merrill Lynch Quantitative Strategy; Standard and Poor’s



EXHIBIT 12.10



Relative Performance MLQS “A+” versus “C and D”



Source: Merrill Lynch Quantitative Strategy



Exhibit 12.10 depicts the relative performance of our A+ and C/D indexes. When the line in the chart rises, A+ ranked stocks outperformed C/D ranked stocks and when the line falls, the opposite is true. Similar to growth and value, high quality and low quality go through cycles of overand underperformance. By early 2002, A+s began to outperform C/Ds.
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Growth versus Value: Relative Performance and S&P 500 EPS



Momentum



Source: Merrill Lynch Quantitative Strategy



THE IMPORTANCE OF PROFITS While there are many theories about what drives equity style rotation, history suggests that a major driver of style rotation is the proﬁt cycle that reﬂects the scarcity or abundance of earnings growth. When the proﬁt cycle decelerates growth tends to outperform value and when the proﬁt cycle accelerates, the opposite is true. When the proﬁt cycle decelerates, earnings growth becomes increasingly scarce. As fewer and fewer companies are able to grow their earnings, investors tend to ﬂock to stable growth companies in search of more certain earnings growth. Market leadership tends to narrow as only the ﬁttest, most stable companies survive. In this environment investors are typically willing to pay a premium for growth companies. When the proﬁt cycle accelerates, earnings growth becomes increasingly abundant. As more and more companies are able to grow their earnings, investors comparison shop for growth and become value investors. When earnings growth is abundant it generally does not make sense to pay a high multiple for growth because one can more easily ﬁnd growth for a cheaper price. Therefore, as earnings growth accelerates, market leadership tends to broaden. Value, cyclicals and smaller capitalization stocks tend to perform well in this environment. Exhibit 12.11 shows the historical relationship between growth and value and the proﬁt cycle. The bars in the chart represent the proﬁt cycle
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and the line represents the relative performance of growth versus value, using our proprietary mutual fund indexes. We deﬁne the proﬁt cycle as the year-to-year percent change in S&P 500 earnings on a trailing fourquarter basis. As the chart depicts, with the exception of the early 1970s and the Technology bubble, growth outperformed value when the proﬁt cycle decelerated and value outperformed growth when the proﬁt cycle accelerated. Notice that when the bars go down, the line goes up and when the bars go up, the line goes down. Although growth and value are most commonly used to deﬁne equity style, we sometimes use quality as an alternative. Similar to growth, when the proﬁt cycle decelerates, higher quality stocks tend to outperform lower quality ones. When earnings growth becomes scarce, investors are more willing to pay a premium for the safety offered by higher quality stocks. Similar to value, when the proﬁt cycle decelerates, lower quality stocks tend to outperform higher quality ones. When earnings growth becomes abundant, investors are willing to invest for cyclical growth. Exhibit 12.12 shows the relative performance of growth versus value and high versus low quality during periods of proﬁt deceleration and acceleration. The only time style investing did not work was the early 1970s and during the Technology bubble.



EXCEPTIONS TO THE PROFIT CYCLE AND EQUITY STYLE INVESTING The Nifty 50 Bubble There have been two exceptions to the strong relationship between proﬁt and equity style investing. The ﬁrst is the original “Nifty 50” bubble of the early 1970s. As Exhibit 12.11 depicts, despite proﬁt accelerating in the early 1970s, growth nonetheless outperformed value. In the mid-1970s, despite proﬁts decelerating, value outperformed growth. However, as the proﬁt cycle started to reaccelerate again and the effects of the bubble wore off, value continued to outperform growth and equity style investing resumed the “normal” cycle.



The Technology Bubble The second exception was the Technology bubble of 1999–2000. Exhibit 12.13 shows the relationship between the proﬁt cycle and growth versus value after 1995. Prior to the bubble, as the proﬁt cycle decelerated from 1995 into 1998, growth and high quality outperformed value and low quality, exactly as history would suggest. During that period, growth outperformed value by approximately 21 percentage points and A+ rated stocks outperformed C/Ds by approximately 53 percentage points.
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Relative Price Performance of Growth vs. Value
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–20 percentage points (pps.) 44 pps. 10 pps. 33 pps. 21 pps. 24 pps.



12/73 to 9/75 9/79 to 12/82 6/84 to 12/85 6/88 to 12/91 3/95 to 9/98 3/00 to 12/01 24 pps. 53 pps. 51 pps.



Relative Price Performance of A+ vs. C/D 9/75 to 9/79 12/82 to 6/84 12/85 to 6/88 12/91 to 3/95 9/98 to 3/00



Proﬁt Cycle Accelerations Relative Price Performance of Growth vs. Value



–4 percentage points (pps.) –3 pps. –11 pps. –17 pps. 12 pps.
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Relative Performance of Growth versus Value and A+s versus C/Ds



Proﬁt Cycle Decelerations
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–65 pps. 141 pps.



Relative Price Performance of A+ vs. C/D
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Growth versus Value: Relative Performance and S&P 500 EPS



Momentum



Source: Merrill Lynch Quantitative Strategy



In late 1998 the proﬁt cycle bottomed and started to reaccelerate. Again, exactly as history would suggest, value started to outperform growth. Notice that the line in the chart starts to trend down in early 1999. As earnings gained momentum, this pattern reversed and growth outperformed value. From the time the proﬁt cycle bottomed until it peaked, growth outperformed value by approximately 12 percentage points. At the time, this sudden reversal did not make sense. The proﬁt cycle was sending investors a message that earnings growth was abundant and market leadership should expand beyond growth stocks. Instead investors bid up the multiples of Technology stocks (which at the time were perceived to be growth stocks) and ignored the strong fundamentals of the nine other sectors in the S&P 500. Market leadership narrowed signiﬁcantly. Quality however, maintained a “normal” cycle. C/D ranked stocks outperformed A+ ranked stocks by a whopping 141 percentage points from late 1998 until early 2000. Exhibit 12.14 depicts market breadth on an annual basis from 1986 through March 2002. Market breadth is deﬁned as the percent of stocks in the S&P 500 that outperformed the index during a given year. For example, if 300 stocks were to outperform the S&P 500 during a given year, market leadership would be 60% (300 divided by 500). Through time, approximately 45% of the stocks in the S&P 500 outperformed the index during a given year. Notice that during the Technology bubble,
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only about 30% of the stocks in the S&P 500 outperformed the index. That means that investors had only a three-in-ten chance of picking an outperforming stock. Such narrow leadership made it very difﬁcult for active portfolio managers to outperform their benchmarks. While diversiﬁed portfolio managers may have had a difﬁcult time outperforming, Technology investors had very few problems. In 1999, 70% of the Technology stocks in the S&P 500 outperformed the index. That means that investors who bought Technology stocks in 1999 had a seven-in-ten chance of picking an outperforming stock. Other sectors did not fare so well. Investors has a less than one-in-two chance of picking outperforming stocks in each of the other 10 sectors in the S&P 500, and a less than one-in-four chance of picking outperforming stocks in seven sectors. Despite that the proﬁt cycle started to decelerate in 2000, value began to outperform growth and market leadership broadened substantially. From the time the proﬁt cycle peaked in March 2000 to December 2001, value outperformed growth by approximately twenty-four percentage points despite what turned out to be the worst proﬁts recession of the postwar era. However quality worked very well, as investors ﬂocked to higher quality stable earnings growth companies. During that period, our A+ index outperformed our C/D index by approximately ﬁfty-one percentage points. EXHIBIT 12.14



Percent of Stocks in S&P 500 that Outperformed the Index (Based on Annual Performance 1986 to 1Q 2002)



Source: Merrill Lynch Quantitative Strategy.
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Proportion of Each Sector Residing in the S&P/Barra Growth Index



(March 2002)



As the Technology bubble deﬂated, market leadership broadened substantially. 2000 and 2001 were a “stock picker’s paradise.” With more than 60% of the stocks in the S&P 500, investors had more than a six-in ten chance of picking outperforming stocks. Contrary to the “bubble days,” it was very easy for diversiﬁed portfolio managers to outperform. In 2001, only three of the ten sectors in the S&P 500 had leadership of 50% or less. Not surprisingly, Technology was the most difﬁcult sector to pick outperforming stocks in during 2000 and 2001.



EXPLAINING THE DIVERGENCE OF GROWTH AND VALUE One way to explain the divergence of growth, value and quality is by analyzing the S&P/Barra Growth and Value indexes. During the height of the Technology bubble, 60% of the Technology sector was classiﬁed as growth according to S&P/Barra. Only 44% of sectors like Healthcare and Staples were comprised of growth stocks. As the Technology bubble deﬂated, and growth became scarce, the proportion of growth stocks in the Technology sector fell substantially. As of March 2002, approximately 40% of the Technology sector is classiﬁed as growth; while approximately two-thirds of both the Consumer Staples and Healthcare sectors are classiﬁed as growth. As Exhibit 12.15 shows, there are many other sectors in the S&P 500 with a larger proportion of growth stocks today than during the Technol-
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ogy bubble. Consumer Staples, Healthcare, Consumer Discretionary, Industrials and Financials have all had a substantial increase in the number of growth stocks making up each sector. The composition of the S&P/Barra Growth and Value indexes has changed noticeably as well. During the Technology bubble, Technology stocks made up 41% of the S&P/Barra growth index, which was more than double the Healthcare sector (the second largest sector in the growth index). As of March 2002, Technology stocks make up 24% of the growth index and Healthcare, Consumer Discretionary and Consumer Staples each make up slightly less at 20%, respectively. The quality composition of the S&P/Barra Growth and Value indexes has changed also. As Exhibit 12.16 depicts, at the height of the Technology bubble, only 50% of the S&P/Barra Growth index was comprised of high quality stocks; whereas 58% of the S&P/Barra Value index was comprised of high quality stocks. With quality deﬁned as stable growth companies, high quality resided in the value universe. Because of the Technology bubble, there was a big difference between what investors perceived to be growth (Technology stocks) and what was actually stable growth. It would be high quality value that would outperform, not the traditional high quality growth that had worked historically. EXHIBIT 12.16



Proportion of High Quality Stocks in S&P/Barra Growth and Value Indexes During the Technology Bubble



Source: Merrill Lynch Quantitative Strategy.
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Relative P/E of MLQA A+ Index versus B– Index



Source: Merrill Lynch Quantitative Strategy.



As the Technology bubble deﬂated, the proportion of high quality stocks residing in the S&P/Barra Growth index rose substantially. As of December 31, 2001, 65% of the S&P/Barra growth index was comprised of high quality stocks and 54% of the S&P/Barra Value index was comprised of high quality stocks. After being depressed for so long, stable growth is once again classiﬁed as growth. Much to many investors’ surprise, the deﬁnition of growth has broadened away from the Technology sector.



VALUATION OF HIGH VERSUS LOW QUALITY Valuation helps to explain the divergence of growth, value and quality. Exhibit 12.17 shows the relative P/E of our A+ index versus our B– index. We note that B- ranked stocks are used instead of C/Ds because many C/D ranked companies do not have earnings. When the proﬁt cycle peaked in March 2000, A+s were the most undervalued relative to B–s since 1986. While historically A+s have sold at discounts to B–s when the proﬁt cycle bottomed, it had never happened to the extreme of that seen during the Technology bubble. As the proﬁt cycle decelerated, the relative P/E rose. However, given that the S&P has experienced the worst proﬁts recession of the postwar era, one would think that investors would actually be willing to pay a
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premium for the safety of higher quality stocks. That has not been the case. Investors have actually been willing to pay a premium to take risk or invest in lower quality stocks. This has also been the case on a sector by sector basis. As Exhibit 12.18 highlights, at the end of 2001 using last twelve-month P/E ratios, higher quality stocks were cheaper than lower quality stocks in ten out of ten sectors. Using forecasted earnings for 2002, higher quality stocks were cheaper than lower quality stocks in nine out of ten sectors. It is historically unprecedented for higher quality stocks to sell at a discount to lower quality stocks during a proﬁt recession.



NIFTY 50 VERSUS THE NOT-SO-NIFTY 450 In 1999, as the Technology bubble gained momentum, Technology stocks came to dominate the Nifty 50. At the peak in March 2000, 34% (17 companies) of the 50 largest companies in the S&P 500 were Technology stocks. The sector with the second largest proportion of stocks was the Consumer Staples sector with 18% and Financials with 14%. Not surprisingly, the multiple of the Nifty 50 surged relative to the Notso-Nifty 450.



EXHIBIT 12.18



Average P/E by Sector of High versus Low Quality Stocks (December 2001) MSCITM-S&P Sector Classiﬁcation Consumer Discretionary Consumer Staples Energy Financials Health Care Industrials Information Technology Materials Telecom Services Utilities AVERAGE



High Quality



Low Quality



Avg. P/E 28.9 20.6 11.9 19.1 27.2 26.7 72.6 28.7 20.9 13.3 26.4



Avg. P/E 34.6 27.1 19.2 20.4 45.3 30.2 70.1 47.1 77.2 14.7 36.8
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EXHIBIT 12.19



Nifty 50 versus Not-So-Nifty 450 by Market Capitalization (Relative P/E Based on Current Year Estimates)



Source: Merrill Lynch Quantitative Strategy.



As Exhibit 12.19 depicts, at its peak, the Nifty 50 sold for three times that of the Not-so-Nifty 450. As the Technology bubble deﬂated and Technology stocks fell out of the Nifty 50, the relative P/E fell substantially. In March 2002, the relative P/E of the Nifty 50 versus the Not-so-Nifty 450 was 0.91. That was the ﬁrst time the Nifty 50 was undervalued relative to the Not-so-Nifty 450 since March 1997, and was the lowest relative P/E since March 1995. Post-bubble, in March 2002, only 14% (seven companies) of the 50 largest companies in the S&P 500 were Technology. For comparative purposes, 22% of the 50 largest companies were Financials, another 22% Healthcare, 10% Consumer Staples and another 10% Consumer Discretionary. With the Nifty 50 diversifying beyond the Technology sector, it makes sense that valuations would fall. In March 2002, the Technology sector continues to be the most expensive sector of the 10 despite its massive correction. While the issues surrounding the Technology sector have not fully corrected, as of March 2002 it appears the rest of the market is close to resuming a “normal” cycle. Market leadership has broadened beneﬁting those sectors that underperformed during the Technology Bubble. The S&P/Barra Growth index (as well as the Nifty 50) have also broadened and diversiﬁed beyond Technology. For the market as a whole to resume its “normal” cycle, the fundamentals of the overall market will have to improve and the market become appropriately priced based on those fundamentals.
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CONCLUSION There have been many mini-bubbles since the Technology bubble that have all been short-lived. During the fourth quarter of 2001, when investors were convinced that the market had bottomed and earnings would improve, the market rallied signiﬁcantly and a mini-bubble formed. This rally was short-lived, as earnings remained weak. The central message of this chapter is that investors should be aware of minibubbles and look for rallies built on fundamentals. That’s when we will know the market has once again resumed a “normal” cycle.
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ultistyle equity portfolio management began in the 1960s, when 1990 Nobel Laureate William Sharpe reported the tendency of equity portfolio managers to invest in securities within particular segments of the equity class deﬁned as styles.1 The premise for equity style investing is that stocks can be grouped together so that they exhibit homogeneity within the group, but heterogeneity across groups. Stocks within the same
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William Sharpe, “Mutual Fund Performance,” Journal of Business, 39 (1966).
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style have similar risk/return characteristics over time, but stocks in different style categories exhibit different risk/return characteristics over time. Farrell was among the ﬁrst to use multivariate statistics to identify clusters of stocks that exhibit sufﬁcient homogeneity within and heterogeneity across clusters.2 These ﬁndings have had profound implications for institutional investors, particularly pension plans, which recognized an opportunity or, perhaps, an obligation to further reduce portfolio volatility by diversifying across all styles within the equity asset class.3 In 1978 Wilshire Associates introduced their equity style indexes, soon followed in 1979 by the Frank Russell Company. Shortly thereafter, investment accounts began being designed speciﬁcally to capture performance differentials across various equity style dimensions. Differences in performance have been especially dramatic in recent years. For example, the Wilshire Large Company Growth Index returned 42%, 35%, –25%, –20% in 1998, 1999, 2000, and 2001, respectively. In stark contrast, the Wilshire Small Company Value Index returned –7%, –1%, 23%, and 10%, respectively. Thus, it is small wonder that equity style investing is now a vital component of portfolio management. In this chapter, we discuss the criteria of equity styles, distinguish among the major types of equity style models, and present some results of equity style rotation for U.S. stocks. While we focus on U.S. stocks, the chapter by Asness, Krail, and Liew in this book presents a model of equity style rotation for non-U.S. stocks.



EQUITY STYLE DEFINITIONS Christopherson and Williams list three criteria for the inclusion of a market segment as an “equity style.”4 There must be a guiding belief that the style will add value, there must be many investors sharing the same belief, and the style should result in a clustering of factor tilts or portfolio characteristics among portfolios sharing the same style. The most prevalent deﬁnitions of equity styles relate to market segments delineated by value, growth, and market capitalization. Substantial evi2



James L. Farrell, Jr., “Analyzing Covariation of Returns to Determine Homogeneous Stock Groupings,” Journal of Business, 47 (1974), pp. 186–207. 3 The Prudent Expert Rule established by the Employee Retirement Income Security Act of 1974 (ERISA) requires pension fund fiduciaries diversify plan investment to protect against the risk of substantial loss. AIMR Standards of Practice Handbook, (AIMR 7th Edition, 1996), pp. 86. 4 Jon A. Christopherson and C. Nola Williams, “Equity Style: What It Is and Why It Matters,” Chapter 1 in The Handbook of Equity Style Management, Second Edition, T. Daniel Coggin, Frank J. Fabozzi and Robert D. Arnott, eds. (New Hope, PA: Frank J. Fabozzi Associates, 1997).
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dence has been provided to support these delineations. For instance, signiﬁcant differences in performance for portfolios delineated by market capitalization and value/growth styles are reported for U.S., international developed markets, and emerging markets by Fama and French, Arshanapalli, Coggin, and Doukas, and Barry, Goldreyer, Lockwood, and Rodriguez (see Exhibits 13.1–13.3).5 These exhibits show that success of a particular equity style portfolio depends on the geographic location of the markets. Although value stocks outperformed growth stocks and small cap stocks outperformed large cap stocks in all markets examined, the extent of the outperformance varies. EXHIBIT 13.1



Average Annual Return for Corner Portfolios in U.S. Market, 1962–



2001



Source: Fama-French Size/Book-to-Market Corner Portfolios courtesy of Kenneth French. 5



See Eugene F. Fama and Kenneth R. French, “The Cross-Section of Expected Stock Returns,” Journal of Finance, 47 (1992), pp. 427–465 for evidence on U.S. markets; Eugene F. Fama and Kenneth R. French, “Value Versus Growth: The International Evidence,” Journal of Finance, 53 (1998), pp. 1975–1999; Bala Arshanapalli, T. Daniel Coggin and John Doukas, “Multifactor Asset Pricing Analysis of International Value Investment Strategies,” Journal of Portfolio Management, 24 (1998), pp. 10–23 for evidence on international markets; and Christopher B. Barry, Elizabeth Goldreyer, Larry Lockwood, and Mauricio Rodriguez, “Robustness of Size and Value in Emerging Equity Markets, 1985–2000,” Emerging Markets Review, 3 (2002), pp. 1–30, for evidence on emerging markets.
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EXHIBIT 13.2



Average Annual Return for Corner Portfolios in World Market Except U.S., 1975–1996



Source: Data from Arshanapalli, Coggin and Doukas (1998).



EXHIBIT 13.3



Average Monthly Return for Corner Portfolios in Emerging Markets,



1985–2000



Source: Data from Barry, Goldreyer, Lockwood, and Rodriguez (2002).
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MULTISTYLE EQUITY MODELS The premise behind multistyle equity models is that there are multiple sources of correlations among stocks, not just one (e.g., a single-factor market model). Therefore, there exist multiple factors that cause subsets of securities to exhibit differential performance. Multistyle equity investment models attempt to model these sources of correlation and generally take the linear form: Ri = b1iX1 + b2iX2 + … + bkiXk + ei where Ri is the return on stock or portfolio i (or the return in excess of a benchmark such as the risk-free rate, or market index return), Xj is the jth style index or factor used to explain changes in the equity returns, bj is the sensitivity (also called factor exposure or beta) of asset i to changes in Xj, and e is a portion of the equity return unrelated to the X variables (a random error term). The sensitivities may be regression coefﬁcients or style scores (derived from ranking stocks based on style characteristics). The X’s may be observable or may be estimated from the data using cross-sectional regressions or multivariate techniques. Often the sensitivities and the factors are standardized (i.e., transformed to standard deviation units).



Multi-Asset Class Equity Style Models In an asset class model, each X is the return (or excess return) on a distinct asset class (e.g., small cap value, small cap growth, large cap value, small cap growth, real estate, as well as separate bond classes). William Sharpe derived the most well known multi-asset class model, which has now become known as returns-based style analysis.6 Sharpe lists the requirements for the asset class factors: mutually exclusive, exhaustive, market-weighted, have returns that “differ,” have low correlations with each other, have different standard deviations and, as a group, have a high R2 in out-of-sample tests (and represent an index fund strategy). Using historical information, a manager’s equity style can be determined by regressing the returns for portfolio i against the returns of the style indexes. If the bs are constrained to be nonnegative (i.e., apply quadratic programming to the equation), then the bs can be interpreted as the inferred allocation of the portfolio across the asset classes. In this 6



William F. Sharpe, “Determining a Fund’s Effective Asset Mix,” Investment Management Review, 2 (November/December, 1988), pp 59–69; and William F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” Journal of Portfolio Management, 18 (1992), pp. 7–19.
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case, in Sharpe’s notation, the bs are called the effective mix for the portfolio. A manager will then be classiﬁed with other managers who have similar effective mixes (inferred exposures) across the asset classes. Sharpe ﬁnds that asset allocation (across 12 investment style indexes) explains approximately 90% of equity mutual fund returns. An investor adopting a multiple manager system, investing in a variety of styles, can use this technique to allocate funds across managers. The sensitivity, bpj, of the multimanager portfolio, p, to asset class j is simply the weightedaverage of the individual manager sensitivities to asset class j. This methodology is fully described by Thomas Becker in Chapter 19 in this book. Another use of the returns-based style analysis is for performance evaluation in which the portfolio return is compared against a stylized benchmark comprising the effective mix of the portfolio using Rpt – [b1X1t + b2X2t + … + bkXkt], where the bs are estimated for a time period ending in month t–1. The beneﬁts of returns-based style analysis are: ■ permits and identiﬁes the multiple styles that best characterize the man-



ager; in contrast, traditional methods classify the manager in a single style; ■ parsimonious with the data, easier to use and cost-effective; in contrast, the traditional method requires the time consuming process of examining the portfolio holdings ■ more accurate in assessing asset class exposures; in contrast, the traditional method may mislead due to end-of-period window dressing; and ■ represents the return behavior of the fund which is what really matters to the client, not its reported composition. Returns-based style analysis depends on the historical correlations of managers to the respective style indexes. Thus, the primary disadvantage alleged against returns-based analysis is that it is slow to identify equity style changes.7 For evidence that this claim is muted by the recent availability of daily returns data for managers and indexes, see Chapter 4 by Hardy in this book.



Multifactor Equity Style Models In a multifactor model, the X variables are not asset class returns. Rather, they are variables that capture common covariation within groups of stocks. There are many forms of multifactor equity style models, but the 7



Jon A. Christopherson, “Equity Style Classification,” Journal of Portfolio Management, 21 (1995), pp. 32–43.
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models generally fall into three categories: statistical, macroeconomic and fundamental. The three models have several similarities. First, each assumes that returns in equity style portfolios are determined by a set of common sources or factors.8 Second, each factor model uses time series of returns (or excess returns) as the dependent variable. Third, stocks with similar sensitivities to the respective factors are grouped together into homogeneous clusters. Fourth, a manager’s style is measured by the portfolio’s sensitivity to the factors. The sensitivity to the factors in the model can be compared to the sensitivity of the manager’s benchmark to those same factors. A manager who deviates from the benchmark’s factor exposure is making a bet the deviation will lead to outperformance. Finally, strategies are devised that attempt to forecast the factor and to properly over or underweight the appropriate groups of stocks.9 The models differ in the type of factors used as the independent variables to decompose returns into the systematic and unsystematic sources. Statistical factor models often employ multivariate statistical methods to derive composites of sets of observable variables.10 Each factor represents a separate source of common covariation across stocks. The major disadvantage of statistical factor models is that the mathematically derived factors do not lend themselves well to economic interpretation.



Macroeconomic Factor Models Macroeconomic factor models are top-down models that describe returns/styles in terms of macroeconomic indicators of economic activity, such as industrial production, interest rates, and inﬂation. Theoretical justiﬁcation within an equilibrium framework for the macroeconomic 8 Kao and Shumaker contend that economic fundamentals determine styles. See Duen-Li Kao and Robert D Shumaker, “Equity Style Timing,” Financial Analysts Journal, 55 (January/February 1999), pp. 37–18. 9 Leinweber, Arnott and Luck demonstrate that the potential benefits of correctly forecasting the factor returns are highly significant. See David Leinweber, Robert Arnott, and Christopher Luck, “The Many Sides of Equity Style: Quantitative Management of Core, Value and Growth Portfolios,” Chapter 11 in The Handbook of Equity Style Management, Second Edition. 10 The term factor in investment models was originally used in the context of formal statistical procedures to create independent sources of common covariance (i.e., risk) across stocks. Multivariate statistics (factor analysis or principal components analysis) were employed that created linear combinations of observable variables such that each linear composite (factor) was independent of the remaining factors. Now however, the term factor is used in the literature interchangeably with asset class index, macroeconomic variable, firm-unique variable, or combinations of all of the above.
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factor model is provided by the arbitrage pricing theory developed by Roll and Ross, who showed that, in an efﬁcient market, common covariation among stocks can be completely captured by a set of common (or macro) factors.11 The macrofactor model often deﬁnes each factor as the unexpected change in the macroeconomic variable. In other words, the factors measure the surprise in each macroeconomic variable. For example, consider a three-factor model using percent changes in industrial production growth, investor sentiment, and inﬂation. Assume surprises in the three factor premiums are 1%, 2% and 0% respectively and that the portfolio factor excess sensitivities are 0.4, 0.3 and –0.1, respectively.12 Excess sensitivities equal the difference between the portfolio sensitivities and the benchmark’s sensitivities. The portfolio with positive excess sensitivities to the industrial production and investor sentiment variables will outperform its predetermined benchmark if the manager has tilted the portfolio to exploit the unexpectedly strong non-inﬂationary business conditions. For example, the model: Ri – RB = 0.4(0.01) + 0.3(0.02) – 0.1(0) = 0.01 forecasts that the manager will outperform the benchmark by 100 basis points (assuming no security selection attribution), because the manager made correct macroeconomic factor bets. Leinweber, Arnott and Luck demonstrate that the potential beneﬁts of correctly forecasting macrofactor returns are highly signiﬁcant.13 The three macrofactors that they use to forecast returns are inﬂation, industrial production and unemployment. The forecasting methods range from non-linear models such as GARCH and neural networks, to using moving weighted-windows. They report that such forecasting strategies enabled them to add 260 basis points per year over the S&P 500. 11 Richard Roll, “A Critique of the Asset Pricing Theory’s Tests; Part I: On Past and Potential Testability of Theory,” Journal of Financial Economics, 4 (December 1977), pp. 129–176; and Stephen Ross, “The Arbitrage Theory of Capital Asset Pricing,” Journal of Economic Theory, 13 (1976) pp. 341–360. See also Nai-Fu Chen, Richard Roll, and Stephen Ross, “Economic Forces and the Stock Market,” Journal of Business, 59 (1986), pp. 383–403. 12 Alternatively, “factor portfolios” can be used in place of the macroeconomic variables. A factor portfolio is derived from optimization methods that constrain the portfolio to have sensitivity equal to one against one of the macroeconomic variables and sensitivities equal to zero against the remaining macroeconomic variables. The return on the factor portfolio can be monitored as economic conditions change. 13 Leinweber, Arnott, and Luck, “The Many Sides of Equity Style: Quantitative Management of Core, Value and Growth Portfolios.”
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Salomon Smith Barney RAM Macrofactor Model



Economic Growth



Monthly Change in Industrial Production



Credit Quality



Monthly change in the SSB High-Yield 10+ year index adjusted for the effect of U.S. Treasury Bond yields Monthly change in the yield of the 30-year Treasury Bond Monthly change in the yield of the 3-month Treasury Bill Unexpected component of monthly change in CPI Monthly change in trade-weighted dollar Residuals from regression of S&P 500 returns on above six macroeconomic factors Residuals from regression of monthly return difference between Russell 2000 and S&P 500 indexes on the above seven factors



Long Rates Short Rates Inﬂation Shock Dollar Residual Market Small Cap Premium



The Salomon Smith Barney Risk Attribute Model (RAM) is an example of a macroeconomic factor model. The RAM model uses 6 macroeconomic factors (industrial production, credit spread, changes in 30-year U.S. Treasury bond rates, changes in 3-month U.S. Treasury bills, unexpected inﬂation, and currency risk), a residual market factor, a small cap premium, and the S&P 500 industry classiﬁcations. Exhibit 13.4 summarizes the different factors used in the Risk Attribute Model by Salomon Smith Barney.



Fundamental Factor Models In contrast to macrofactor models, fundamental factor models are bottom-up and employ fundamental company and industry factors to decompose returns. The key distinction is that these variables are descriptors of the ﬁrm, not of the broad economy. An example of a fundamental factor model used in practice is the Wilshire U.S. Equity Risk Model model that describes portfolios by size, style and momentum dimensions. The resulting model employs six company speciﬁc ﬁnancial factors (earnings/price, book/price, market capitalization, EPS revisions, net earnings revisions, and EPS “torpedo effect”), a market factor (beta), and 39 industry classiﬁcations to explain security returns.14 Barra’s model also employs fundamental company speciﬁc and industry factors. A recently developed risk model by ITG Inc. employs a market factor, a value factor (captures return differences between growth and value stocks), a size factor (captures difference between large and small cap returns), 11 sector factors and 76 industry factors. 14



The E/P and B/P ratios are the style factors in the model.
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Asness, Friedman, Krail, and Liew use a relatively simple two-factor model to predict the returns of the value and growth styles.15 The two factors in their model, the difference between the P/E ratios of value and growth portfolios and the difference in the earnings growth of growth and value portfolios was effective at forecasting the returns of value versus growth over the period January 1982–October 1999. In fact, they predicted a 52% spread between value and growth for the following year. Their prediction of a strong shift was prescient although their forecast exceeded the 28.2% differential between the Wilshire All Value and Wilshire All Growth indexes in 2000. The major equity style factors continue to favor the traditional univariate measures such as price-to-book ratio and price-to-earnings ratio to classify value or growth. Standard and Poor’s/BARRA equity style indexes employ a univariate deﬁnition. Salomon Smith Barney’s equity style indexes employ a multivariate deﬁnition of value and growth factors. Performance of value and growth stocks partially depends on what deﬁnition is used to classify value or growth.16 To show how deﬁnition of the factor matters, we ran a test of the performance of portfolios based on different measures of value and growth. The portfolios are computed by placing ﬁrms into one of ﬁve quintiles based on the stock’s earnings yield. Each quintile is then further segmented into ﬁve portfolios based on the stock’s previous two-year growth in earnings. Thus, portfolios with high E/P and high growth in earnings were at the intersection of value and growth styles. Exhibit 13.5 presents the results that show the differences between this alternative deﬁnitions of equity style and the more traditional Wilshire style indexes. The differences in an annual basis are very meaningful, averaging around 9% a year. The point is not to show which deﬁnition is superior but simply to illustrate that style deﬁnitions matter.



EQUITY STYLE MANAGEMENT STRATEGIES Portfolio managers can employ passive or active equity style management strategies, depending upon their willingness to assume unintended or intended style bets, respectively. Examples of both strategies are provided below. 15



Clifford S. Asness, Jacques A. Friedman, Robert J. Krail, and John M. Liew, “Style Timing: Value versus Growth,” Journal of Portfolio Management, 26 (2000), pp. 50–60. 16 For further details, see Parvez Ahmed and Sudhir Nanda, “Style Investing: Incorporating Growth Characteristics in Value Stocks,” Journal of Portfolio Management, 27 (Spring 2001), pp. 47–60, and the chapter by Shea in this book.
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Difference in Returns Between Different Equity Style Portfolios, 1982–



1996



Passive Style Management Gallo and Lockwood employed an asset class model to examine the performance of multiple-manager equity style portfolios.17 They showed that the asset class indexes had much lower cross-correlation than the traditional growth/income classiﬁcations, which was the industry norm at the time. They used a 4-style index regression model to classify funds into small cap growth, small cap value, large cap growth, or large cap value styles: Rit = bi0 + bi1LCGt + bi2SCGt + bi3LCVt + bi4SCVt + eit where Rit is the standardized return for mutual fund i during month t and LCG, SCG, LCV, and SCV is the returns on the large cap growth, small cap growth, large cap value, and small cap value Wilshire indexes, 17 John G. Gallo and Larry J. Lockwood, “Benefits of Proper Style Classification of Equity Portfolio Managers,” Journal of Portfolio Management, 23 (1997), pp. 47– 55; and John G. Gallo and Larry J. Lockwood, “Fund Management Changes and Equity Style Shifts,” Financial Analysts Journal, 55 (1999), pp. 44–52.
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respectively. The bis are the sensitivities of the standardized returns on mutual fund i to the standardized returns on each of the Wilshire indexes. Each fund was assigned to one of the four Wilshire styles on the basis of their highest style sensitivity. They found that the Sharpe ratios for the portfolios that diversiﬁed across funds classiﬁed by market cap and value/growth styles were signiﬁcantly higher than portfolios that attempted to diversify across the traditional growth and income categories. Their model suggests a simple, effective, and objective trading strategy for improving risk-adjusted portfolio returns. Gallo and Lockwood subsequently used the same asset class model to document style shifts of mutual funds that experienced a change in fund management over the period 1983–1991. They found that an unanticipated style shift imposes unintended style risk on sponsors of equity portfolios, reducing the beneﬁts of equity style diversiﬁcation. These ﬁndings imply that disciplined multistyle investors should consider divesting funds that experience a change in management. Ahmed provides further evidence on the efﬁcacy of the 4-style index model.18 In out-of-sample tests to forecast the correlation between mutual fund returns, the 4-style index performs very well. These results indicate that the model is not only good at explaining the historical correlation structure among mutual funds (as in Gallo and Lockwood), but also in predicting future correlation among asset returns. Since most mutual funds actively engage in equity style investing along size and value/growth differentials, the success of 4-style index model perhaps comes as no surprise.



Active Style Management Coggin examines a number of U.S. equity style indexes and ﬁnds that style index returns follow a random walk, and thus cannot be predicted by examining only the time series of index returns.19 He suggests that equity style index return forecasts should be conditioned on macroeconomic factors, such as the business cycle and interest rates. Some other studies show that short-term reversals in the size premium occur regularly.20 Several 18 Parvez Ahmed, “Forecasting Correlation Among Equity Mutual Funds,” Journal of Banking and Finance, 26 (June 2001), pp. 1187–1208. 19 T. Daniel Coggin, “Long-Term Memory in Equity Style Indexes,” Journal of Portfolio Management, 24 (Winter 1998), pp. 37–46. 20 Gerald R Jensen, Robert R Johnson, and Jeffrey M Mercer, “The Inconsistency of Small-firm and Value Stock Premiums,” Journal of Portfolio Management (Winter 1998), pp. 27–36; and Philip Brown, Allan W. Kleidon, and Terry A. Marsh, “New Evidence on the Nature of Size-Related Anomalies in Stock Prices,” Journal of Financial Economics (June 1983), pp. 33–57.
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studies use the random walk property of style index returns and examine the beneﬁts of tactical allocation to different equity style classes.21 The prevalence of equity style models suggests that the potential beneﬁts from style investing are signiﬁcant. So, the natural question is: how large are the beneﬁts? To answer this question, we examine three equity style rotation strategies, assuming perfect foresight. The results are shown in Exhibits 13.6–13.8. We report the annual returns for the Wilshire Large Cap 750, Small Cap 1750, All Value, All Growth, LargeValue, Large-Growth, Small-Value, and Small-Growth indexes for each year from 1979–2001. Exhibit 13.6 shows that small beat large in 13 of the 23 years, but that the mean returns are very close (16.24% versus 15.73%). The t-statistic for the mean difference of small versus large (for dependent samples) is 0.212. Such results might lead one to dismiss ﬁrm size as a separate style factor. But, the results merely imply that one size segment did not dominate the other. The mere fact that large and small systematically traded top billing suggests potential beneﬁts to accurate size rotation. The last column, reporting the difference in the return between the top performing size segment and the Wilshire 5000 (W5000), bears this out. In fact, the last column can be viewed as a market hedge strategy in which the portfolio is long the outperforming size segment and is short the market. The mean annual return to the market hedge size portfolio is 4.85%. The t-statistic for the value added in the hedged size portfolio is 2.30. Results are surprisingly similar for portfolios delineated by value and growth. We present the value/growth ﬁndings in Exhibit 13.7. Growth beat value 12 of the 23 years, nearly an even split. The mean returns are practically identical. But, once again, the leap frog effect provides ample opportunity for outperformance. The mean annual return to the market hedge value/growth portfolio is effectively the same as the size portfolio. 21



Reinganum provides important insights into the economic benefits of managing market capitalization exposure. Comparing passive buy-hold and rebalanced fixed weight strategies against dynamic tactical asset allocation strategies, he shows that return differentials are highly significant and economically meaningful. See Marc R. Reinganum, “The Significance of Market Capitalization in Portfolio Management over Time,” Journal of Portfolio Management, 25 (Summer 1999), pp. 39–50. Kao and Shumaker use the Russell 1000 and Russell 2000 value and growth indexes to examine style and cap rotation strategies. See Kao and Shumaker, “Equity Style Timing.” Levis and Liodakis examine dynamic strategies that rotate between value and growth styles, and between small and large cap stocks in the United Kingdom. They find that profitability of style rotation strategies depends solely on the temporal volatility of the underlying return spread. See Mario Levis and Manolis Liodakis, “The Profitability of Style Rotation Strategies in the United Kingdom,” Journal of Portfolio Management, 26 (Fall 1999), pp. 73–86.
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There is less variability in this hedge portfolio’s returns, which causes the t-statistic to be higher than for the size portfolio (t = 2.97). Exhibits 13.6 and 13.7 show the potential beneﬁt from rotating into the outperforming single-style portfolio. The results don’t seem to matter whether the style is market capitalization or value/growth. This indifference, however, in no way implies that multistyle portfolios will add little value over single-style rotation. Quite the contrary. Exhibit 13.8 presents the results of multistyle rotation. The results are nothing short of spectacular. The mean annual value added over the Wilshire 5000 is a whopping 11.87%! The t-statistic for the mean difference is 4.35. EXHIBIT 13.6



Annual Returns From Single-Style Portfolios: Large Versus Small Cap



Year



Large Cap



Small Cap



Best Style



W5000



Value Added



1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 Mean Returns Geometric Returns



22.46 32.91 –5.60 18.73 20.93 5.23 31.76 17.21 4.03 17.19 31.10 –4.03 32.46 7.67 9.83 0.45 37.58 22.16 33.04 28.63 21.83 –10.96 –12.76



41.21 33.79 2.88 27.67 30.35 –2.00 33.75 10.75 –6.04 22.84 18.42 –18.73 45.70 18.49 18.92 –1.33 30.21 16.82 23.78 0.16 26.05 –0.02 –0.25



41.21 33.79 2.88 27.67 30.35 5.23 33.75 17.21 4.03 22.84 31.10 –4.03 45.70 18.49 18.92 0.45 37.58 22.16 33.04 28.63 26.05 –0.02 –0.25



23.83 40.40 –11.61 19.72 16.21 1.06 33.06 20.79 7.14 11.77 35.24 –2.34 39.45 4.47 3.25 1.69 34.09 22.46 32.80 42.30 34.73 –24.98 –20.36



17.38 –6.61 14.49 7.95 14.14 4.17 0.69 –3.58 –3.11 11.07 –4.14 –1.69 6.25 14.02 15.67 –1.24 3.49 –0.30 0.24 –13.67 –8.68 24.96 20.11



15.73



16.24



20.73



15.88



4.85



14.72



15.03



19.82



14.15



4.39
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EXHIBIT 13.7



Annual Returns From Single-Style Portfolios: Value Versus Growth



Year



Growth



Value



Best Style



W5000



Value Added



1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 Mean Returns Geometric Returns



27.50 40.73 –10.84 20.27 17.05 –0.72 33.31 19.44 5.31 12.78 33.40 –3.91 40.46 5.03 4.93 0.99 33.91 20.98 30.17 37.62 36.54 –25.07 –19.73 15.66



22.17 24.70 3.35 19.59 27.75 9.03 30.77 12.90 0.01 23.06 25.62 –7.73 27.05 13.28 17.63 –0.65 39.16 21.79 33.46 12.19 7.78 3.13 –6.42 15.64



27.50 40.73 3.35 20.27 27.75 9.03 33.31 19.44 5.31 23.06 33.40 –3.91 40.46 13.28 17.63 0.99 39.16 21.79 33.46 37.62 36.54 3.13 –6.42 20.73



23.83 40.40 –11.61 19.72 16.21 1.06 33.06 20.79 7.14 11.77 35.24 –2.34 39.45 4.47 3.25 1.69 34.09 22.46 32.80 42.30 34.73 –24.98 –20.36 15.88



3.67 0.33 14.96 0.55 11.54 7.97 0.25 –1.35 –1.83 11.29 –1.84 –1.57 1.01 8.81 14.38 –0.70 5.07 –0.67 0.66 –4.68 1.81 28.11 13.94 4.86



13.96



14.93



19.80



14.15



4.59



Exhibit 13.9 provides the growth of $1 for each of the style rotation portfolios. The exhibit provides the cumulative growth of a $1 investment as of the beginning of 1979. The terminal wealth for the buy-hold Wilshire 5000 was $20.98, for the size rotation portfolio (Cap) was $64.0, for the value/growth rotation portfolio (V-G) was $63.7. However, terminal wealth soars to $235.20 for the multistyle rotation portfolio (4-Style).
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Annual Returns from Multistyle Portfolios: Value/Growth and Market



Cap



Year 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 Mean Returns Geometric Returns



Large Growth



Large Value



Small Growth



Small Value



Best Style



W5000



Value Added



23.85 40.42 –11.61 19.73 16.21 1.09 33.05 20.80 7.16 11.76 35.24 –2.35 39.43 4.47 3.26 1.69 34.08 22.45 32.78 42.32 34.71 –24.98 –20.36



20.80 24.99 1.69 17.68 25.70 9.51 30.51 13.46 1.03 22.64 26.94 –5.85 25.49 11.13 16.93 –0.80 41.17 21.92 33.25 14.94 8.27 1.09 –8.17



47.64 43.15 –6.12 23.69 21.22 –9.67 34.92 12.05 –5.87 19.78 20.63 –15.80 49.75 8.50 15.90 –3.10 32.97 12.76 14.33 6.91 52.58 –24.74 –14.19



32.56 22.69 15.05 31.72 40.00 6.25 32.60 9.18 –6.38 26.06 16.17 –21.74 41.41 29.95 22.10 0.38 27.32 21.16 33.89 –6.98 –1.41 23.20 10.07



47.64 43.15 15.05 31.72 40.00 9.51 34.92 20.80 7.16 26.06 35.24 –2.35 49.75 29.95 22.10 1.69 41.17 22.45 33.89 42.32 52.58 23.20 10.07



23.83 40.40 0.33 19.72 0.55 1.06 33.06 20.79 7.14 11.77 35.24 –2.34 39.45 4.47 3.25 1.69 –0.70 22.46 –0.67 0.66 34.73 –24.98 –20.36



23.81 2.75 14.72 12.00 39.45 8.45 1.86 0.01 0.02 14.29 0.00 –0.01 10.30 25.48 18.85 0.00 41.87 –0.01 34.56 41.66 17.85 48.18 30.43



15.88



15.41



14.67



17.62



27.74



15.88



11.86



14.15



14.69



12.60



16.41



26.80



14.15



11.18



Since most strategies would tilt (not switch entirely), we also calculate the percentage that would need to be allocated in the winning segment and still beat the Wilshire 5000. We asked this question: what percentage should have to have been invested in the winning sector to generate outperformance at exactly the 5% level of signiﬁcance. The t-statistic for 22 degrees of freedom (23 years less 1) for a one-tail test equals 1.72. During the 1979–2001 period, an investor who allocated 49% to the winning sector and allocated equal-weights (17% each) to the remaining three sectors
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would have beaten the Wilshire index by a statistically signiﬁcant margin (exactly at the 5% level of signiﬁcance, using a one-tail test; Ho: Mean return ≤ Wilshire return; Ha: Mean return > Wilshire return). Thus, the portfolio need not shift 100% across styles, but merely tilt from an equalweighting normal policy mix to have outperformed the market index during 1979–2001 by a statistically signiﬁcant margin. The difference in performance of the tilted portfolio is economically meaningful too. The value added over the Wilshire 5000 is 291 basis points per year. We next turn our attention to within-style long-short portfolios. Exhibit 13.10 presents the ﬁndings. The ﬁrst column presents the return from a portfolio long the winning segment and short the losing segment. The mean annual return to the long-short size portfolio is 9.5%, and for the long-short value/growth portfolio is 10.2%. Once again, the performance of the multistyle portfolio is outstanding (mean annual return over 22%). All the t-statistics are signiﬁcant at the 0.01 level. Of interest also are the betas on these portfolios. They are all close to zero: 0.01, –0.03, and –0.05, respectively. Thus, these portfolios can be viewed as market neutral and the mean returns as the potential alpha captured by the portfolio. Exhibit 13.11 plots the terminal wealth from each long-short portfolio. A $1 investment grows to $7.80 for the size portfolio and to $8.76 for the value/ growth portfolio, and soars to $90.22 for the multistyle portfolio. EXHIBIT 13.9 1979–2001



Terminal Wealth for Equity Style Rotation with Annual Rebalancing,
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Year 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 Mean Returns Geometric Returns
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Annual Returns From a Long-Short Strategy Long-Short: Cap Only



Long-Short: Value/Growth Only



Long-Short: Cap and Value/Growth



18.75 0.88 8.48 8.94 9.42 7.23 1.99 6.46 10.07 5.65 12.68 14.70 13.24 10.82 9.09 1.78 7.37 5.34 9.26 28.47 4.22 10.94 12.51



5.33 16.03 14.19 0.68 10.70 9.75 2.54 6.54 5.30 10.28 7.78 3.82 13.41 8.25 12.70 1.64 5.25 0.81 3.29 25.43 28.76 28.02 13.31



26.83 20.47 26.67 14.03 23.77 19.18 4.44 11.61 13.53 14.29 19.07 19.41 24.26 25.49 18.86 4.79 13.86 9.69 19.57 49.31 53.97 48.19 30.43



9.49



10.17



22.25



9.34



9.90



21.62



Thus far we have rebalanced our portfolios annually to perform equity style rotation. However, money managers have the option of using more frequent style rotation strategies. For example, a manger may want to rotate between styles once every quarter. The advantage to a higher frequency rotation strategy is shorter forecasting horizons. However, this advantage is also offset by higher transactions costs and tax implications. The transactions costs can be lowered by using mutual funds to rotate among styles. In the absence of any market frictions the beneﬁts are sub-
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stantial when moving from annual rebalancing to quarterly rebalancing. Exhibit 13.12 shows that, with perfect foresight, the terminal wealth soars from $235.08 for annual rebalancing to $943.63 for quarterly rebalancing. Exhibits 13.13 provides a graphical representation of Exhibit 13.12, again using perfect foresight (i.e., 100% in the winning portfolio). EXHIBIT 13.11



Terminal Wealth for Long-Short Portfolios, 1979–2001



EXHIBIT 13.12



Comparing 2- and 4-Factor Strategies with Annual and Quarterly Rebalancing, 1979–2001 Annual Rotation Terminal Wealth in 2001 for $1 Invested in 1979 2-Factor Rotation



2-Factor Rotation



4-Factor Rotation



Weight on Winning Factor



Market Cap



ValueGrowth



Market Cap & Value-Growth



1.00 0.75 0.60 0.50 0.25



63.94 40.24 30.28 24.99 15.30



63.74 38.80 28.56 23.19 13.58



235.08 114.56 73.25 53.97 24.48
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EXHIBIT 13.12



(Continued) Quarterly Rotation Terminal Wealth in 2001 for $1 Invested in 1979 2-Factor Rotation



2-Factor Rotation



4-Factor Rotation



Weight on Winning Factor



Market Cap



ValueGrowth



Market Cap & Value-Growth



1.00 0.75 0.60 0.50 0.25



131.25 57.54 34.87 24.12 10.65



140.38 57.48 33.86 23.92 9.13



943.63 285.14 137.46 84.08 24.15



EXHIBIT 13.13



Terminal Wealth for Equity Style Rotation with Quarterly Rebalancing, 1979–2001



Since these results are derived using equity indexes, one might wonder if the results hold up when selecting portfolios of stocks and without assuming 100% allocation into the winning style segment. To examine this question, we based the equity style of individual stocks on market capitalization and earnings yield. Each year, we create a portfolio that
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randomly selected stocks within style. We rebalanced once per year. We repeated the process 1,000 times for each style portfolio. Thus, we create 1,000 portfolios of each style. We ﬁnd that single-style strategies that allocated 65% to the winning sector and 35% to the losing sector would have had over a 95% chance of beating the market index. Furthermore, we ﬁnd that a multistyle strategy that invests just 35% in the winning sector would have over a 95% chance of beating the market index.22



CONCLUSION The beneﬁts of equity style diversiﬁcation have resulted in broad application of the concept in portfolio management, particularly at the institutional level. The amount of research into equity style management issues has evolved and grown considerably in the past decade as the concept of equity style diversiﬁcation has become better understood and accepted. In this chapter, we ﬁrst summarize research ﬁndings that document the beneﬁts of equity style diversiﬁcation. We then provide examples of passive and active equity style portfolio strategies designed to improve portfolio risk-adjusted returns. Largely based on perfect foresight, the results presented here document the potential for portfolio return enhancement through active style management. We pay particular attention to the evolution of investment models employed in equity style management strategies. The model choice obviously plays an important role in the successful implementation of active or passive style strategies. Yet research on equity style modeling is still in the early stages of development, as relatively little research has been produced in this ﬁeld. Fortunately, as this book shows, this important issue is beginning to receive more recognition as a fruitful area of research. As an example, exciting new research by Barberis and Shliefer on equity style models adopts a behavioral approach.23 Their model assumes two types of investors, “fundamental traders” who trade on 22 For a complete discussion of these results, see Parvez Ahmed, Larry Lockwood, and Sudhir Nanda, “Benefits of Multi-Style Rotation Strategies,” Journal of Portfolio Management, 28 (Spring 2002), pp. 17–29. Also note that Panagora Asset Management maingtains portfolios that rotate between small, mid and large cap stocks, with a view to exploit the cyclical nature of the markets. Excess performance is achieved by exploiting the spreads between the capitalization sectors. See Edgar Peters, “Executing a Cap Rotation Market Neutral Strategy,” PanAgora Asset Management website, www.panagora.com, 2001. 23 Nicholas Barberis and Andrei Shleifer, “Style Investing,” Working Paper, University of Chicago (2001), forthcoming in Journal of Financial Economics. See also Chapter 8 by Shefrin and Statman in this book.



314



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



TE



AM FL Y



valuation, and “switchers” who tend to be positive feedback traders. Barberis and Shleifer contend that investors move money between equity styles based on their recent relative performance. In their model, returns for a style are related to common factors that are unrelated to the riskiness of the assets. The behavior of these two sets on investors affects the correlation of styles. Their results indicate the potential for proﬁtable short-term equity style-based strategies and suggests important implications for both researchers in equity style issues and for managers of equity style portfolios.
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A Comparison of Fixed versus Flexible Market Capitalization Style Allocations: Don’t Be Boxed in by Size Marc R Reinganum, Ph.D.*



he popular notion of equity investment style is an idea that is only about 20 years old. The current generation of MBA investment students thinks that the world was always divided into small cap stocks versus large cap stocks and value stocks versus growth stocks. They are surprised to learn that this view of equities became prominent within their lifetimes and, that prior to this stock classiﬁcation scheme, equity investors just referred to “the market” and to individual stocks within “the market.” The pioneering work of authors such as Markowitz, Sharpe and Lintner in the 1950s and 1960s established a theoretical framework in which stocks could be classiﬁed simply on the basis of their market risk (beta). All other stock characteristics were irrelevant. It was against this backdrop, a backdrop in which only beta mattered, that the seeds of equity style investing were being planted with new research ﬁndings. The crack in “the market” view of equity investing came with ﬁndings that demonstrated investors could use other stock characteristics



T



* This chapter was written while the author was Professor of Finance at the Cox School of Business, Southern Methodist University. He is currently Director of Quantitative Research and Portfolio Strategy at Oppenheimer Funds.
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(other than beta) to earn higher returns on average. Nicholson in the 1960s and Basu in the 1970s were among the ﬁrst authors to show that price/earnings (P/E) ratios could be used to earn “abnormal” returns on average: low P/E stocks outperformed high P/E over long periods of time and the differences in returns could not be accounted for by differences in betas.1 This evidence eventually evolved into the value versus growth equity investment style. In the late 1970s, Banz and Reinganum reported that stock market capitalization (price per share times number of shares outstanding) could be used to classify stocks into portfolios in such a way that “abnormal” returns could be earned over time.2 The smaller the market capitalization of a portfolio, the higher its return on average, even after adjusting for beta risk. These ﬁndings eventually evolved into the small cap and large cap style boxes and their extensions. The power and inﬂuence of these initial discoveries not only led to the creation of equity style investment but transformed the paradigms that are taught to students of investing: in the 1990s, Fama and French, in an empirical synthesis of the discoveries made earlier by others, offered a “three-factor model” that includes a market factor, a value/ growth factor and a small/large cap factor.3 The purpose of this chapter is to focus on equity style investing as it pertains to market capitalization. Unlike value versus growth, market capitalization is easy to deﬁne. More importantly, market capitalization is one of the most important determinants of portfolio returns. An investor’s ability to manage exposure to market capitalization can profoundly effect the performance of a portfolio. For example, in 1998, the Russell 1000, a large cap index, advanced by 27.02%, whereas the Russell 2000, a small cap index, declined by 2.55%. Large cap stocks outperformed small cap stocks by more than 2,950 basis points (bp) in this period. In contrast, in 2001, the Russell 1000 declined by 12.45% whereas the Russell 2000 advanced by 2.59%. That is, small cap stocks outpaced large cap ones by more than 1,500 basis points in 2001. Furthermore, the performance effects of market cap investing are not concentrated solely in the two extreme end of the capitalization spectrum. 1



S.F. Nicholson, “Price-Earnings Ratios,” Financial Analysts Journal, 16 (July–August 1960), pp. 43–45; and S. Basu, “Investment Performance of Common Stocks in Relation to Their Price-Earnings Ratios,” Journal of Finance, 32 (June 1977), pp. 663–682. 2 R.W. Banz, “The Relationship Between Return and Market Value of Common Stocks,” Journal of Financial Economics, 9 (March 1983), pp. 3–18; and M.R. Reinganum, “Misspecification of Capital Asset Pricing,” Journal of Financial Economics, 3 (March 1983), pp. 19–46. 3 E.F. Fama and K.R. French, “The Cross-Section of Expected Stock Returns,” Journal of Finance, 47 (June 1992), pp. 427–465.
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For example, in 2001, the Russell Mid Cap index declined by about 5.63%, which placed it nearly halfway between the substantial declines of large cap stocks losses and the positive advance by small cap stocks in 2001. The above performance results clearly illustrate that the return effects associated with market capitalization are substantial and can vary. But investors are typically boxed in by their market cap style. That is, many institutional investors pick a ﬁxed target allocation between small cap and large and stick with that allocation regardless of the economic environment. A ﬁxed target view of the allocation between small and large cap stocks certainly made sense through the early and mid1980s. Research from the 1960s and 1970s strongly suggested that stock prices follow a random walk. This research implied that future returns could not be predicted, hence any policy other than ﬁxed-target weights would be folly. In the mid-1980s, DeBondt and Thaler wrote a pair of papers that seriously challenged the random walk view of stock prices.4 They found that over longer investment horizons investment performance tended to reverse itself. That is, prior losers tended to become subsequent winners and prior winners tended to become the relative losers. In short, returns over longer investment horizons appeared to be negatively correlated. Since these research papers appeared, others have found that there are positive momentum effects over 6- to 12-month investment horizons, and reversal effects over short-run horizons. At this point in time, for many market observers the random walk view of stock prices is effectively dead and relegated to the cherished history of modern ﬁnance. If one accepts the collapse of the random walk view of stock prices, then the rationale for a ﬁxed-target allocation between small cap and large cap stocks also disappears. If stock prices could be predicted in part, couldn’t one predict the relative performance of small cap and large cap stocks? Indeed, in 1992 Reinganum reported that the differential performance between small and large cap stocks was predictable in part, at least over longer investment horizons.5 Thus, the challenge facing investors is to manage their exposure to market capitalization in a fashion that is appropriate for different economic environments. Investors who can successfully manage their market capitalization exposure 4



W. DeBondt and R. Thaler, “Does the Stock Market Overreact?” The Journal of Finance, 40 (July 1985), pp. 793–807; and W. DeBondt and Richard Thaler, “Further Evidence of Investor Overreaction,” The Journal of Finance, 42 (July 1987), pp. 557–581. 5 M.R. Reinganum, “A Revival of the Small Firm Effect,” Journal of Portfolio Management (Spring 1992).
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will reap signiﬁcant rewards over investors who either ignore their exposure or are unable to alter it. Investors who are constrained to maintain a ﬁxed- or market-weight mixture of small and large cap stocks will not fare as well as investors who successfully manage and change their mixture of small cap and large cap. Over the course of a lifetime, the differences in terminal wealth can be substantial As stated above, the purpose of this chapter is to document the importance of managing market capitalization exposure. The ﬁrst step is to deﬁne the market capitalization portfolios. In this research, ﬁve categories are created: mega cap, large cap, mid cap, small cap and micro cap. The details of the portfolio creation will be more fully explained in the next section. The third section of the chapter documents the return characteristics of the market cap portfolios. The fourth section of the paper documents the potential beneﬁts of managing market capitalization exposure. That is, the evidence in this section puts bounds on the potential beneﬁts of adjusting the mixture between large and small cap stocks using a model with perfect foresight. The ﬁnal section of the paper offers a simple model, based upon insights and research ﬁndings already in the public domain, for predicting the relative performance of large and small cap stocks. No claim is made that this model is the best model or the only model for predicting differential returns between large and small cap stocks. Nonetheless, this model yields up to a 330 basis point per year gain over a market-weight strategy on average. To put the 330 basis point gain in perspective, this average annual improvement in performance represents slightly more than 50% of the total potential gain from the corresponding perfect foresight model. Thus, investors that correctly manage market capitalization exposure can expect to outperform investors that maintain a marketweight or ﬁxed-target policy allocation.



DEFINING MARKET CAPITALIZATION PORTFOLIOS The standard way to deﬁne market cap portfolios is to divide the universe of publicly traded equities into deciles or quintiles based upon a stock’s market capitalization and the total number of publicly traded stocks. In the decile methodology, the total number of ﬁrms is divided by 10, and each portfolio has the same number of securities; i.e., 10%. For example, if the total universe contained 2,500 ﬁrms, the largest 250 ﬁrms would constitute the large cap portfolio, the smallest 250 ﬁrms would constitute the small cap portfolio and there would be eight intermediate market cap portfolios, each with 250 ﬁrms. While this simple
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design has yielded important insights into the relationships between market cap and return, it does not come close to evenly dividing the total market capitalization of the universe. The top decile contains the vast majority of total market capitalization. Of course, in a methodology that evenly divided the total market capitalization of the universe, the largest cap portfolio would end up containing only a handful of ﬁrms. In this chapter another methodology, one that attempts to strike a balance between the two above extremes, is implemented. At the end of December of each year, ﬁve market portfolios are created such that each market cap portfolio contains a ﬁxed percentage of the total capitalization of the market. The ﬁve market cap portfolios are labeled “mega cap,” “large cap,” “mid cap,” “small cap,” and “micro cap.” The mega cap portfolio contains the top 50% of the total stock market capitalization. That is, at the end of each December all stocks are ranked on the basis of their individual stock market capitalizations and the total stock market capitalization for all stocks is calculated. Starting with the largest company, ﬁrms are added to the mega cap portfolio until the total market capitalization of the mega cap portfolio equals 50% of the total market capitalization of all stocks. In a similar manner, the large cap portfolio contains the next 30% of the total stock market capitalization. The mid cap portfolio contains the next 15% of the total stock market capitalization. The small cap portfolio is constituted by ﬁrms that contain the following 4% of total stock market capitalization. Finally, the micro cap portfolio contains ﬁrms that constitute the bottom 1% of total stock market capitalization. To summarize, the mega cap, large cap, mid cap, small cap and micro cap portfolios contain 50%, 30%, 15%, 4%, and 1% of the total stock market capitalization, respectively. Exhibit 14.1 plots the proportions of total stock market capitalization contained in each of the ﬁve market cap portfolios and compares them to the proportions of the total number of ﬁrms within the stock universe contain within each of the market cap portfolios. The portfolios of NYSE, NASDAQ and AMEX common stocks are reconstituted at the end of each December for the following year. This graph summarizes the proportions for the entire period 1926–2001. As one can clearly see, the mega cap, large cap, mid cap, small cap and micro cap contain 50%, 30%, 15%, 4%, and 1% of the total stock market capitalization. This is, of course, by construction. What is more interesting to see is what the distribution of ﬁrms within each market cap portfolio looks like. Over this period, the mega cap portfolio typically contained only slightly more than 2% of the total ﬁrms in the universe. That is, while mega caps accounted for 50% of the total stock market capitalization, they accounted for only 2% of the ﬁrms. The large cap stocks,
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which accounted for 30% of the total market capitalization, contained slightly less than 9% of the total ﬁrms. Together, the mega cap and large cap portfolios contained only about 11% of the total number of ﬁrms but accounted for 80% of the total stock market capitalization. At the other extreme, the micro cap portfolio contained only 1% of the total stock market capitalization but accounted for more than 38% of the ﬁrms over the 1926–2001 sample period. Small cap stocks contained more than 28% of the total ﬁrms but only 4% of the total stock market capitalization. The mid cap portfolio came the closest to be balanced in terms of total stock market capitalization and total number of ﬁrms. The mid cap portfolio contained about 22% of the ﬁrms within the market and accounted for 15% of the total stock market capitalization. With these percentages, we can roughly compare the ﬁve market cap portfolios used in this research with those that would have been created using a decile methodology. The mega cap portfolio and the large cap portfolio, combined, would roughly constitute the top decile. The mid cap portfolio contains approximately the next two decile portfolios. The small cap portfolio constitutes the next three decile portfolios approximately. Finally, the micro cap portfolio contains roughly the bottom four decile portfolios. EXHIBIT 14.1 Proportion of Total Stock Market Capitalization within Each Portfolio and Proportional of Total Number of Firms within Each Market Cap Portfolio, 1926–2001
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To gain perhaps a better intuition of how the mega cap, large cap, mid cap, small cap and micro cap breakdown works, Exhibit 14.2 presents some capitalization characteristics of the ﬁve portfolios as of December 2001. The ﬁrst statistic computed is the cap-weighted market capitalization of each portfolio. This is a weighted-average of the market capitalizations of the individual stocks within each portfolio, where the weights themselves are proportional to the market caps. The capweighted market capitalization of the mega cap portfolio was nearly $162 billion at the end of December 2001. There are only 65 ﬁrms in this portfolio or approximately 1% of the total number of ﬁrms in the market. The large cap portfolio has a cap-weighted market cap of $16.5 billion and contains 312 ﬁrms or approximately 6% of the total number of ﬁrms. Clearly, market capitalization has become more concentrated among fewer ﬁrms in recent years. At the other end of the spectrum are the micro cap stocks. The micro cap portfolio has a cap-weighted market cap of just $76 million. The maximum market cap within this portfolio is $144 million. Although this group accounts for just 1% of the total stock market capitalization, it contained 50% of the total number of common stocks at the end of December 2001. While these deﬁnitions of mega cap, large cap, mid cap, small cap and micro cap are not ﬁxed in stone, they give us a good starting point from which to analyze how returns and market cap are related. In the next section, we characterize the returns of these market cap portfolios.



RETURN CHARACTERISTICS OF THE MARKET CAP PORTFOLIOS The annual returns of each market cap portfolio are calculated as a capweighted (value- weighted) average of the annual holding period returns of all stocks within each portfolio. Each December the portfolio composition is revised based upon the market cap rankings. The holding period total return of each security is calculated for the following year. If a security is delisted during the year, the proceeds are assumed to be invested in cash for the remainder of the year. Previous research has suggested an inverse relationship between market capitalization and stock market returns: the smaller the ﬁrm, the greater is the average return. The evidence from the ﬁve market capitalization portfolios in this study is generally consistent with this ﬁnding but not completely so. The arithmetic average annual returns of the ﬁve portfolios are presented in Exhibit 14.3. On average, the mega cap stock portfolio earned 11.84% per year over the 1926–2001 time period. The
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average return of large cap stocks was nearly the same, 11.74%. Thus, the returns mega cap and large cap stocks were virtually identical on average. The risks of the mega cap and large cap portfolios, as measured by annual standard deviation of returns, are also quite similar. The mega cap portfolio had an annual standard deviation of about 19% and the large cap portfolio had an annual standard deviation slightly less than 20%. Thus, the average returns and risks of both the mega cap and the large cap portfolio are very similar to each other. One does not begin to really notice a change in average return and risk until the mid cap portfolio. The mid cap portfolio on average earned 13.82% per year over the 1926–2001 period. That is, mid cap stocks earned about 2% per year more than mega cap and large cap stocks on average. This risk of mid cap stocks, as measured by standard deviation, is also greater than the risk of mega cap or large cap stocks. Mid cap stocks have an annual standard deviation of slightly more than 24%, nearly 5% greater than the standard deviation of mega cap issues. Further down the capitalization ladder, the small cap portfolio has an average annual return of 15.06%, 300 basis points more than the average returns for mega cap and large cap stocks over the 1926–2001 period. The small cap portfolio has an annual standard deviation of 29.64%, nearly 5% greater than that of mid cap stocks and 10% greater than that of mega and large cap stocks. The biggest jump in average returns occurs when one move to the micro cap portfolio. Over the 1926–2001 period, the micro cap stock portfolio earned an average return of 18.32% per year. That is, on average, micro cap stocks earned about 650 basis points per year more on average than either mega cap or large cap stocks. Even compared to the small cap portfolio, the micro cap portfolio earned about 325 basis points per year in excess of the small cap portfolio. Of course, the micro cap portfolio has the greatest annual standard deviation, 36.37%. Exhibit 14.3 also contains the geometric mean annual returns of the ﬁve market cap portfolios. Usually one might pay attention to the geometric means if one were concerned with the portfolio rebalancing that occurs on an annual basis. But, in this case, the annual rebalancing just restores the weights of the ﬁve market cap portfolio to their predeﬁned market weights (0.50, 0.30, 0.15, 0.04, and 0.01). Thus, the arithmetic average returns are good representatives of the annual performance of the market cap portfolios because each year the weights are essentially restored to their market proportions.
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34,026 5,008 731 144 0.2



Minimum Stock Market Capitalization (in $ million) 398,105 33,431 4,977 729 144



Maximum Stock Market Capitalization (in $ million) 6,321,192 3,800,224 1,901,652 506,434 126,584



Total Portfolio Capitalization (in $ million) 65 312 1,021 1,416 2,817



Number of Securities in Portfolio 50 30 15 4 1



Percentage of Total Market Capitalization



11.84 11.74 13.82 15.06 18.32



Mega Cap Large Cap Mid Cap Small Cap Micro Cap



10.12 9.80 11.11 11.15 12.73



Geometric Mean Annual Return



Note: Returns are expressed as percentages.



Average Annual Return



Market Cap Portfolio –39.71 –47.45 –46.19 –48.92 –52.90



Minimum Annual Return 50.00 52.45 86.45 111.61 128.38



Maximum Annual Return



19.01 19.92 24.12 29.64 36.37



Standard Deviation of Annual Return



50.00 30.00 15.00 4.00 1.00



Percentage of Total Market Capitalization



2.38 8.94 22.25 28.34 38.09



Percentage of Total Number of Firms



1 6 18 25 50



Percentage of Total Number of Firms



Returns Characteristics of Mega Cap, Large Cap, Mid Cap, Small Cap, and Micro Cap Portfolios, 1926–2001



161,868 16,476 2,477 430 76



Mega Cap Large Cap Mid Cap Small Cap Micro Cap



EXHIBIT 14.3



Cap-Weighted Market Cap of Portfolio (in $ million)



Market Cap Portfolio



EXHIBIT 14.2 Capitalization Characteristics of Mega Cap, Large Cap, Mid Cap, Small Cap, and Micro Cap Portfolios on December 31, 2001
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Average Annual Returns for the Mega Cap, Large Cap, Mid Cap, Small Cap, and Micro Cap Portfolios, 1926–2001



Exhibit 14.4 shows the average returns of the ﬁve market cap portfolios over the entire 1926–2001 period as well as the average returns in each of two subperiods, 1926–1963 and 1964–2001. Perhaps the most visually striking feature of the graph is how closely clustered the average return bars are within each market cap portfolio. That is, the average return from the overall period is nearly the same as the average return from each of the two subperiods. Some may ﬁnd this result surprising, as there is a popular misconception that the unusually large returns of the smallest cap stocks are driven primarily from data during the 1930s. But the graph shows that, in fact, this is not the case. The average portfolio returns of mid cap, small cap and micro cap stocks are all slightly bigger in the second sub-period, 1964–2001, than they are during the ﬁrst subperiod, 1926–1963. Exhibit 14.4 illustrates why mid cap, small cap and micro cap style boxes might be useful. Over long periods of time, these smaller cap stocks earn more than large cap and mega cap stocks do. Hence, investors might be tempted to make greater allocation to these groups than their market weights would suggest. But this evidence by itself does not establish the case for a ﬂexible cap style allocation. To do so, requires an additional piece of evidence, and that is there are substantial deviations from year-to-year in the long-run averages. The next section documents the variability in returns between large and small cap stocks and starts to make the case for a ﬂexible cap style allocation policy rather than a ﬁxed cap style allocation policy.
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POTENTIAL BENEFITS OF A FLEXIBLE CAP STYLE ALLOCATION POLICY In this section, the potential beneﬁts of a ﬂexible cap style allocation policy are quantiﬁed. The potential beneﬁts of a ﬂexible cap style depend in part on the magnitudes of the differences in returns between large cap stocks and small cap stocks. When the differences in returns between large and small cap stocks are great, the potential beneﬁt of a ﬂexible allocation could be substantial. That is, in periods during which large cap stocks do substantially better than small cap stocks, a bigger than normal allocation to large cap stocks would be quite rewarding. Similarly, a reduced allocation to large cap stocks would be rewarding when smaller cap stocks do better. The magnitude of the potential differences in returns between large and small cap stocks can be measured by looking at the year-to-year variability of the differential returns between large and small cap stocks. To simplify the exposition in the remainder of this chapter, only two composite portfolios will be analyzed: a large cap portfolio and a small cap portfolio. The large cap portfolio will be a combination of the “mega cap” and “large cap” portfolios from the previous section. The small cap portfolio will be a combination of the “mid cap,” “small cap” and “micro cap” portfolios from the previous section. As before, each of these composite portfolios is reconstituted at the end of each December and the annual portfolio return is calculated by cap-weighting (value-weighting) the annual holding period returns of the individual securities within that portfolio. The variable under investigation is the annual differential return between the small cap and large cap portfolio. In particular, the annual differential return is deﬁned as the annual return of the small cap portfolio minus the annual return of the large cap portfolio. When small cap stocks do well relative to large cap ones, the annual differential return is positive. Conversely, when small cap stocks do poorly relative to large cap ones, the annual differential return is negative. Exhibit 14.5 shows the annual differential returns between the composite small cap and large cap portfolios over the period 1926–2001. On a relative basis, the three best years for small cap stocks were 1933 (+4,500 bp), 1967 (+3,200 bp), and 1945 (+2,600 bp); the three best relative years for large cap stocks were 1998 (–3,200 bp), 1929 (–1,800 bp), and 1973 (–1,600 bp). Clearly, there can be wide swings in the relative performance between small cap and large cap stocks.
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EXHIBIT 14.5 Annual Differential Returns Between “Small Cap” Portfolio and “Large Cap” Portfolio, 1926–2001



To assess the potential beneﬁts of a ﬂexible cap style allocation policy, four different investment strategies are investigated. Each of these four strategies will assume perfect foresight. That is, at the end of December, each strategy will assume the knowledge of the next year’s return of small and large cap portfolios. Thus, the decision to tilt toward large cap or small cap will be made without error The ﬁrst strategy will assume that the mix between the large cap and small cap portfolio will always be set to their market weights at the end of December. That is, this strategy will assume a weight of 0.80 for the large cap portfolio and 0.20 for the small cap portfolio, irrespective of what small and large cap stocks do the following year. On can think of this strategy as a ﬁxed cap style allocation policy. It will serve as the benchmark against which the other investment strategies are compared. In a real sense, it is the neutral case in which there is neither tilting toward nor away from small or large cap stocks. The second strategy will assume that investor will make a shift of 0.10 away from the neutral, market weights whenever a favorable signal is generated for large or small cap stocks. Given that we assume perfect foresight in this section, the signal is always correct. When small cap stocks are forecast to do better than large cap stocks, small cap stocks receive a weight of 0.30 and large cap stocks will receive a weight of 0.70. Conversely, when small cap stocks are forecast to do worse than large cap stocks, small cap stocks receive a weight of 0.10 and large cap stocks receive a weight of 0.90.
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The third strategy assumes that investors make a somewhat more aggressive bet and make a shift of 0.20 away from the neutral, market weights whenever a favorable signal is generated for large or small cap stocks. Thus, when small cap stocks are forecast (with perfect foresight) to outperform large cap stocks, small cap stocks receive a weight of 0.40 and large cap stocks receive a weight of 0.60. Under this more aggressive strategy, when small cap stocks are forecast to underperform large cap stocks, the small cap portfolio receive a weight of 0.0 and the large cap portfolio receive a weight of 1.0. The fourth strategy is more aggressive still and can be thought of as an unconstrained strategy. It is unconstrained in the sense that when a small cap signal is generated the weight for the small cap portfolio is 1.0 and the weight for the large cap portfolio is 0.0. When a large cap signal is generated under this scenario, the weight for the large cap portfolio is 1.0 and the weight for the small cap portfolio is 0.0. Thus, under this strategy, all of an investor’s funds would be invested entirely in small cap stocks or entirely in large cap stocks in a given year. The outcomes from these four, perfect foresight strategies are plotted in Exhibit 14.6. This ﬁgure plots the average annual strategy return from each of the strategies for the entire 1926–2001 period, as well as the average returns in each of the two subperiods, 1926–1963 and 1964–2001. The strategies tend to perform slightly better in the second sub-period but the differences between the two subperiods are in general not great. EXHIBIT 14.6 Average Annual Strategy Returns Achieved by Combining the “Small Cap” Portfolio with the “Large Cap” Portfolio Under Alternative Market Capitalization Weighting Schemes, 1926–2001
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The neutral case is labeled “market-weights.” For the overall period 1926–2001, the market-weight strategy yields an average annual return of 12.3%. To the extent that ﬂexible cap style allocations improve performance, the improvement will be measured against this 12.3% return. For the strategy that allows a 0.1 deviation from the neutral weights (i.e., large/small weights of either 0.7/0.3 or 0.9/0.1), the strategy yields an annual average return of 13.5%. That is, with perfect foresight, the average yearly performance can be improved by about 120 basis points with a ﬂexible cap style of the magnitude 0.1. For the strategy that permits a 0.2 deviation from the neutral weights (i.e., large/small weights of either 0.6/0.4 or 1.0/0.0), the average annual strategy return increases to 14.6%. This slightly more aggressive policy improves performance by about 230 basis points per year over the neutral, marketweight strategy. The most dramatic increase in performance is attained when all funds are either invested completely in the small cap portfolio or completely in the large cap portfolio, depending upon the signal that is generated. In this case, the average strategy return is 18.8% over the 1926– 2001 period. This all-or-nothing strategy improves performance by about 650 basis points over the ﬁxed, market-weight strategy. This performance represents the upper bound on the potential beneﬁts of a ﬂexible cap style allocation as long as one rules out hedging, short-selling and/or leverage. A 650 basis point performance differential per year in strategies represents a huge potential difference in terminal wealth. For example, ignoring any transaction costs, $1 invested at the end of 1925 in the ﬁxed, market-weight strategy would have grown to $1,828 by the end of 2001. On the other hand, $1 invested in the all small cap or all large cap investment strategy would have grown to $50,640 by the end of 2001. The terminal wealth of this strategy exceeds the terminal wealth of the ﬁxed market-weight strategy by a factor of more than 27. The calculations presented in this section are predicated upon perfectly accurate forecasts of the differential returns between the small cap and the large cap portfolio. The evidence from this section suggests that if one could accurately forecast these differential returns the impact on long-run performance could be economically meaningful. The question yet to be answered is whether one can develop a model of differential returns that has forecasting ability. In the next section, a forecasting model is presented. Although the forecasts are not perfect, they capture more than 50% of the performance gain attainable with perfect foresight.
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FORECASTING THE DIFFERENTIAL RETURN BETWEEN THE SMALL CAP PORTFOLIO AND THE LARGE CAP PORTFOLIO In the previous section, four investment strategies were investigated assuming perfect foresight forecasts. In this section, we investigate the same four investment strategies using a forecasting model that does not assume perfect foresight. The forecasting model uses variables that are already in the public domain and have been shown to be related to future returns. Of course, the model developed here is not forecasting future returns per se. Rather, the model in this section is trying to forecast the annual differential return between a small cap portfolio and a large cap portfolio. Since portfolios are reconstituted once a year in December, the forecasting horizon is one year. No claim is made that this is the best forecasting model or that these are the only variables that can be used to forecast the differential returns. Nonetheless, the simple model presented in this section does possess forecasting ability and further establishes the case for a ﬂexible cap style allocation. Previous work presented in the ﬁnance literature suggests that the statistical history of stock return has some predictive power. In particular, as discussed earlier, researchers have documented long-run reversal effects, intermediate-term momentum effects and short-term reversal effects. To begin to construct a model of differential returns, three variables are included that correspond to these return effects. To measure the long-run reversal effect, the cumulative differential return between the small cap and the large cap portfolio over the previous seven years is used. To measure the intermediate-term momentum effect, the differential return between the small cap portfolio and the large cap portfolio from the previous year is used. To measure the short-term reversal effect, the differential return between the small cap portfolio and the large cap portfolio in the December of the year before is used. A linear regression is used to estimate the model with these three variables. One would expect that the sign on the long-run reversal variable to be negative, the sign on the intermediate-term momentum variable to be positive and the sign on the short-term reversal variable to negative. The linear regressions are consistent with the sign of the three variables. Furthermore, the p-value of the regression is 0.02, well within the standard signiﬁcance level of 0.05. Of course the value of the prediction model does not lie in its statistical signiﬁcance but in its economic power. When the forecasts from this prediction model are used to generate small or large cap signals, the all-or-nothing investment strategy earns on average more than 200 basis point per than the neutral marketweight strategy.
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EXHIBIT 14.7 Average Annual Returns of Alternative Market Cap Strategies Based on Two Forecasting Models (Full Model and Just Price Trends/Reversals), 1933–2001



This simple model, which incorporates price trends and reversals, can be improved upon by the inclusion of another variable. In particular, the academic literature has shown that the default premium, the difference between BAA and AAA corporate bonds, also has predictive power. When this variable is added to the price trends/reversals, the Rsquare of the prediction model become 0.25 and the p-value becomes even more impressive (0.0009). The sign on the default premium is positive indicating the higher the yield on lower quality debt the higher the expected returns on small cap stocks relative to large cap ones. The prediction model with these four variables is labeled the “full model.” This is not meant to imply that other variables could not add explanatory value but these are the only variables that are investigated here. The economic signiﬁcance of both the full model and the model with just the price trend/reversal components is presented in Exhibit 14.7. The ﬁrst cluster of bars in this ﬁgure depicts the average returns to four different investment strategies described in the previous section. Unlike the previous section, the signal to tilt toward small cap or toward large cap is based on the forecasting model and not upon perfect foresight. Using the all-or-nothing strategy, the average annual return would be 17.0% compared to an average annual return of 13.7% for the neutral, market-weight strategy in this time period. That is, the allor-nothing strategy (a ﬂexible cap style) outperforms the ﬁxed cap style
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by 330 basis points. The maximum potential gain from this strategy was 650 basis points. Thus the simple strategy achieved more than 50% of the maximum potential gain. This result is both statistically and economically signiﬁcant and indicates that one can predict an appropriate market cap style. The second cluster in Exhibit 14.7 shows the results with just the price/trend reversal variables. This cluster is included to illustrate that the addition of the default premium variable adds economic predictive power to the model. The average returns in each of the strategies are improved with its inclusion.



CONCLUSION Investors often think of a market cap style in terms of a ﬁxed policy allocation. That is, a certain percentage of wealth is allocated to large cap ﬁrms and another predetermined percentage is allocated to small cap ﬁrms. When the random walk view of stock prices is abandoned, the rationale for this ﬁxed allocation policy loses its foundation. Instead, one must consider a ﬂexible cap style allocation that varies the weights assigned to small and large cap ﬁrms based upon ever changing economic environments. In this chapter, the potential beneﬁts from successfully managing market capitalization exposure were shown to be substantial, up to 650 basis points per year over a neutral, marketweight strategy. Further a model was developed to forecast the differential returns between a small cap portfolio and a large cap portfolio. Using this model, an investor could have obtained an improvement of 330 basis points per year or more than half of the maximum potential beneﬁt. Thus, the beneﬁts of a ﬂexible cap style allocation policy are signiﬁcant. Investors that allow the market capitalization exposures to shift over time will be more successful than investors that are constrained to a ﬁxed market capitalization policy.
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A Plan Sponsor Perspective on Equity Style Management Keith Cardoza, CFA*



he Illinois State Board of Investment (ISBI) is the $9 billion deﬁned beneﬁt plan for the state employees, state judges, and members of the general assembly of the State of Illinois. Nine board members and seven investment staff members oversee the management of the fund. The allocation of the pension fund in December 2001 is 46% U.S. equity, 15% non-U.S. equity, 23% ﬁxed income, 8% private equity, and 8% real estate. In this chapter, I present a discussion of the ways in which the ISBI uses equity style management to monitor and evaluate its equity managers. The goal of each asset class is to provide excess return over its respective market benchmark over rolling one- and three-year windows. Therefore, ISBI’s deﬁnition of return for a speciﬁc asset class is not total return, but rather excess return. Likewise, ISBI deﬁnes risk as not standard deviation of the total return of the asset class, but the standard deviation of the excess return. Many investment professionals call the standard deviation of excess return tracking error. The goal of the ISBI domestic equity portfolio is to achieve a modest excess return on a consistent basis. Speciﬁcally, ISBI targets an annualized rate of 75 basis points over the Russell 3000 total U.S. equity market benchmark, using rolling one- and three-year windows. ISBI attempts to provide this return on a consistent basis with an annualized tracking error of approximately 200 basis points. Excess return comes from two components. Any equity style difference between the ISBI
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* This chapter was written while the author was Portfolio Manager at the Illinois State Board of Investment. He is currently Director of Equities at the Boeing Company.



333



334



THE HANDBOOK OF EQUITY STYLE MANAGEMENT



AM FL Y



equity portfolio and the Russell 3000 is considered one component. The second component is speciﬁc stock selection. Thus, ISBI seeks to minimize excess return from equity style differences, and hires managers to maximize the excess return from stock selection. It is difﬁcult to predict which equity style will outperform in any given one-year period. Therefore, ISBI optimizes the portfolio so that it is equity style and market capitalization neutral to the Russell 3000 benchmark. If the portfolio is truly style neutral to the Russell 3000, it should not matter whether growth outperforms or value outperforms. As long as the managers provide excess return through stock selection versus their appropriate blended style benchmarks, the portfolio should consistently perform well.



STRUCTURE AND EQUITY STYLE Equity Style Return Dispersion
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Exhibit 15.1 shows the rates of return of the six different Russell U.S. equity style indexes over the ten years ending December 2001. Highlighted (bold) is the best performing/worst performing equity style for each year. The dispersion between the best performing style and the worst performing styles (last column on right) is considerable. For example, in 1998, large growth stocks, as represented by the Russell Top 200 Growth index outperformed small value stocks, as represented by the Russell 2000 Value index, by more than 5,000 basis points! In calendar year 2000, the opposite happened with small value securities outperforming large growth securities by nearly 5,000 basis points! The table clearly shows no pattern to predict which style will outperform in any given year. Since ISBI cannot predict which style will outperform in any given year, ISBI maintains a style neutral policy versus the overall equity market as represented by the Russell 3000.



Structure of the Russell 3000 Exhibit 15.2 presents the structure of the overall U.S. equity market as deﬁned by the Russell 3000 in December 2001. ISBI’s portfolio, like the overall market, has approximately 65% of its holdings in large cap names, 25% in mid cap names, and 10% in small cap names. The portfolio is roughly 50% value and 50% growth at all times. Since ISBI’s portfolio does not place any unintended style bets, it will derive very little of its excess return, either positive or negative, from the portfolio’s style. It will derive a greater percentage of its excess return from the managers’ speciﬁc stock selection.
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1.37% 39.40% 3.89% –0.07% 4.85% 38.65% 25.57% 33.73% 45.09% 29.66% –24.53% –20.50%



Russell Top 200 Growth –16.08% 37.92% 21.68% 15.62% –2.13% 34.93% 20.26% 34.37% 5.08% –0.10% 19.18% 2.34%



Russell Midcap Value –5.13% 47.03% 8.71% 11.19% –2.16% 33.98% 17.48% 22.54% 17.86% 51.31% –11.75% –20.16%



Russell Midcap Growth



Stocks in Benchmark



Large Cap Value Large Cap Growth Mid Cap Value Mid Cap Growth Small Cap Value Small Cap Growth



Russell Top 200 Value Russell Top 200 Growth Russell Midcap Value Russell Midcap Growth Russell 2000 Value Russell 2000 Growth 32.5% 32.5% 12.5% 12.5% 5.0% 5.0%



Weighting in Russell 3000



–21.77% 41.70% 29.14% 23.84% –1.55% 25.75% 21.37% 31.78% –6.45% –1.49% 22.80% 14.02%



Russell 2000 Value



Market Components of Russell U.S. Equity Indexes, December 2001



–3.67% 18.16% 9.07% 19.76% –1.90% 40.03% 22.31% 35.47% 21.24% 1.23% 2.32% –8.78%



Russell Top 200 Value



Annual Rates of Return on Russell U.S. Equity Indexes, 1990–2001



Benchmark Index



EXHIBIT 15.2



Dec. 1990 Dec. 1991 Dec. 1992 Dec. 1993 Dec. 1994 Dec. 1995 Dec. 1996 Dec. 1997 Dec. 1998 Dec. 1999 Dec. 2000 Dec. 2001



EXHIBIT 15.1



–17.41% 51.19% 7.77% 13.36% –2.43% 31.04% 11.26% 12.95% 1.23% 43.10% –22.43% –9.23%



Russell 2000 Growth 23.14% 33.03% 25.25% 23.91% 7.28% 14.28% 14.31% 22.52% 51.54% 52.80% 47.33% 34.52%



Dispersion in Rates of Return
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ISBI U.S. Equity Managers, December 2001 Investment Manager



Investment Style (Single Style Benchmark)



Barclays Global Equity Index JP Morgan Research Enhanced Index LSV Large Cap Value Southeastern Asset Management Ariel Capital Small Cap Value TCW Value Added Holland Capital High Quality Growth



S&P 500 Index (S&P 500) Enhanced S&P 500 Index (S&P 500) Large Cap Value (Russell 1000 Value) Mid to Large Value (Russell 3000 Value) Small Cap Value (Russell 2000 Value) Small Cap Value (Russell 2000 Value) Large Growth At Reasonable Price (S&P 500) Alliance Capital Large Cap Growth Large Cap Growth (Russell 1000 Growth) Geewax Terker Growth All Cap All Cap Growth (Russell 3000 Growth) Nicholas Applegate Emerging Growth Small Cap Growth (Russell 2000 Growth) Nicholas Applegate Mini Cap Growth Micro Cap Growth (Russell 2000 Growth)



This is important because ISBI believes it can choose managers with superior stock selection and therefore enhance the performance of the overall portfolio. If its managers consistently outperform through stock selection, and the ISBI optimizes the portfolio to be style neutral to the Russell 3000, then it should not matter which style outperforms or under performs.



ISBI’s U.S. Equity Managers Exhibit 15.3 shows a list of ISBI’s U.S. equity managers and their respective styles in December 2001, which approximate the Russell 3000 benchmark for the entire portfolio. The Russell 3000 will not be the most appropriate benchmark to evaluate each of these managers since they all have their own speciﬁc style. ISBI initially determines a single style benchmark that may be more useful than the Russell 3000 by using “returns-based style analysis.” Speciﬁcally, we compare the correlations (R-squares) for a series of different benchmarks over 36 months of performance for each manager. All things being equal, a higher R-squared implies a better benchmark because it implies a more complete explanation of the variance of the returns of the manager. Returns-based style analysis is fully described in Chapters 1, 3, 4, and 19 of this book.
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EXHIBIT 15.4 R-squared Values for ISBI U.S. Equity Managers Relative to Russell 3000 Index, December 2001



Barclays Global: Index Fund JP Morgan: Research. Enhanced Index LSV Asset Management: Large Cap Value Southeastern Asset Management Ariel Capital: Small Cap Value TCW Group: Value Added Holland Capital: High Quality Growth Alliance: Large Cap Growth Geewax Terker: Growth All Cap Nicholas-Applegate: Emerging Growth Nicholas-Applegate: Mini Cap Growth



Russell 3000 R2 (%)



Single Style Benchmark R2 (%)



97.02 96.39 38.42 24.29 13.41 57.72 90.07 88.06 81.52 46.85 38.72



100.00 99.37 91.77 66.26 35.05 72.21 92.54 90.61 93.93 92.00 87.50



Single Style Benchmarks Exhibit 15.4 shows the R-squared value for each of ISBI’s equity managers versus the Russell 3000 as well as its more appropriate single style benchmark in December 2001. In all cases, the more appropriate single style benchmark better explained the variance of performance of the manager than the Russell 3000 benchmark. For example, the Russell 3000 explained merely 38% of the variance of LSV Large Cap Value over the last three years whereas the Russell 1000 Value explained 92% of the variance of its performance. The Russell 1000 Value benchmark, which is composed of large cap value stocks, better explains the performance of LSV since LSV also invests in the large cap value style. In another example, the broader market benchmark of the Russell 3000 explained 39% of the variance of the Nicholas Applegate Mini Cap fund, whereas the Russell 2000 Growth can account for 88% of the variance of its performance. Both the Nicholas Applegate Mini Cap fund and the Russell 2000 Growth benchmark are composed of small cap growth stocks.



Blended Style Benchmarks Even though the single style benchmark for each investment manager is a useful tool in understanding a manager’s style, it is still not speciﬁc enough. Take for example Ariel Capital. Its single style benchmark is superior to the broad Russell 3000 benchmark that only explained
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13.41% of the fund's variance. However, the Russell 2000 Value still only explains 35% of the variance of Ariel Capital's performance. ISBI will blend a combination of six U.S. Russell equity style indexes to further explain an investment manager’s style. As noted above, the ISBI does this through returns-based style analysis. Exhibit 15.5 shows the blended style benchmarks that more precisely explain the active equity managers’ styles. Few managers invest in stocks in a single style. The majority of equity managers have style nuances that distinguish them from other investment managers. Most managers are not solely growth or solely value, but rather a blend of the two equity styles. Likewise, many investment managers additionally like to invest in different capitalization ranges in this dynamic market. Exhibit 15.5 excludes Barclays and JP Morgan since they are index and enhanced index managers, respectively. The S&P 500 will best explain the variance of these two portfolios, since the investment objective of both is to track the S&P 500. ISBI compares the R-squared statistics to determine if these blended style benchmarks are more appropriate. Exhibit 15.6 shows the Rsquared statistics of the investment managers versus: the Russell 3000, the single style benchmark on December 2001, and the new blended style benchmark respectively for each manager. In each case, the blended style benchmark proved to better explain the manager’s style than did the single style benchmark. For example, the Russell 2000 Value explained 72% of TCW’s performance. However, the combined benchmark of 10% Top 200 Growth, 17% Midcap Value, 5% Midcap Growth, 51% Russell 2000 Value, and 18% Russell 2000 Growth explained 83% of TCW’s performance. This blended style benchmark helps ISBI anticipate how TCW will perform in cycles when either value or growth outperforms. A blended style helps us determine whether TCW does indeed add value through stock selection or does it merely beat the Russell 2000 Value and other small-value investment managers because of its speciﬁc style. It also helps ISBI ﬁgure out how to integrate TCW into the portfolio with other U.S. equity managers.



Equity Style Map Exhibit 15.7 shows the style map of ISBI’s active equity managers using the blended style benchmarks in Exhibit 15.5, using returns-based style analysis (i.e., Zephyr StyleADVISOR). The value managers fall on the left side of the chart, and the growth managers fall on the right side of the chart. LSV and Southeastern are large value. Ariel and TCW are small value. Holland maps as a blend manager with a growth bias. Alliance is large cap growth. Geewax is all cap growth. Nicholas Applegate maps as small growth.
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0% 0% 0% 10% 51% 87% 67% 0% 0%



35% 31% 0% 0% 29% 13% 3% 0% 0%



38.42 24.29 13.41 57.72 90.07 88.06 81.52 46.85 38.72



Russell 3000 R2 (%)



65% 58% 72% 17% 4% 0% 0% 0% 0%



Mid Value



91.77 66.26 35.05 72.21 92.54 90.61 93.93 92.00 87.50



Single Style Benchmark R2 (%)



R-squared Values for ISBI Active Managers, December 2001



LSV Asset Management: Large Cap Value Southeastern Asset Management Ariel Capital: Small Cap Value TCW Group: Value Added Holland Capital: High Quality Growth Alliance: Large Cap Growth Geewax Terker: Growth All Cap Nicholas-Applegate: Emerging Growth Nicholas-Applegate: Mini Cap Growth
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Large Growth



Large Value



Blended Benchmark Values for ISBI Active Managers, December 2001



LSV Asset: Large Cap Value Southeastern Asset Management Ariel Capital: Small Cap Value TCW Group: Value Added Holland Capital: High Quality Growth Alliance: Large Cap Growth Geewax Terker: Growth All Cap Nicholas-Applegate: Emerging Growth Nicholas-Applegate: Mini Cap Growth



EXHIBIT 15.5



0% 11% 28% 51% 16% 0% 0% 0% 0%



Small Value



95.40 69.19 55.74 82.66 92.92 95.17 94.20 92.25 87.50



Blended Style Benchmark R2 (%)



0% 0% 0% 5% 0% 0% 8% 14% 0%



Mid Growth



0% 0% 0% 18% 0% 0% 21% 86% 100%



Small Growth
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Equity Style Map for ISBI Active Managers



Notice the coordinates on the equity style map in Exhibit 15.7. On the vertical axis, the Russell Top 200 is positive one, Midcap is zero, and Russell 2000 is negative one. On the horizontal axis, Value is negative one, and Growth is positive one. All of the investment managers lie between negative one and positive one. In other words, it is a constrained optimization. An investment manager cannot be deeper value than the Russell Value benchmarks, have more growth than the Russell Growth benchmarks, or be smaller than the Russell 2000. Exhibit 15.5 shows that Nicholas Applegate Mini Cap optimizes 100% on the Russell 2000 Growth benchmark. Therefore, its coordinates are negative one on the capitalization axis and positive one on the equity style axis.



Long-Short Blended Style Benchmarks The Nicholas Applegate Mini Cap fund though has more growth and is smaller than the Russell 2000 Growth benchmark. It is important to ﬁnd a way to better explain their style, than to just say it acts like the Russell 2000 Growth. StyleADVISOR has an option that allows the optimizer to combine both long and short indexes to learn more about a manager’s equity style in situations like this. Note that this quantitative analysis does not necessarily mean that the manager is actually short-selling. Rather, it shows that the best combination of equity style indexes that describes the manager’s returns may imply some short-selling.
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Exhibit 15.8 shows the results when the optimizer can short-sell indexes to develop a better blended style benchmark for each of the managers. These benchmarks will give a more accurate synopsis of the investment manager’s style. These benchmarks will more accurately deﬁne how much growth or value is in a particular portfolio, and likewise, how truly large or small an investment manager may be. This is particular helpful in the evaluation of deep-value managers, growth momentum managers, ultra-large cap managers and micro cap managers.



Long-Short Blended Style Benchmark Map ISBI compares the R-squared statistics to determine if these long-short combination (blended) style benchmarks are indeed more appropriate. Exhibit 15.9 shows the R-squared statistics of the investment managers versus: the Russell 3000, the single style benchmark, the long-only blended style benchmarks, and the long-short blended style benchmarks, respectively, for each manager. In general, the blended style benchmark with shorting allowed proves more useful in explaining the manager’s equity style than did the single style or blended style benchmarks. Returning to Ariel Capital, some plan sponsors are content to measure this truly small cap value manager versus a broad market benchmark like the S&P 500 or Russell 3000. However, as explained previously, the Russell 3000 explains only 13% of the variance of this manager’s performance. The Russell 2000 Value, a much better benchmark, only captures 35% of its variance. Its blended style benchmark (with no short-selling) of 72% mid value and 28% small value explains 56%. However, Ariel is not truly this “large.” Oddly enough to some readers, a blended style benchmark that is short 72% Top 200 Value and 57% Mid Growth; and long 41% Top 200 Growth, 142% Mid Value, 16% Russell 2000 Value and 30% Russell 2000 Growth explains 68% of Ariel’s performance. This is a much higher R-squared than any other method used before. Exhibit 15.10 shows this in the form of an equity style map. Exhibit 15.10 shows how this combination of long and short indexes maps out. Ariel is squarely in the small value style box, which is exactly the type of stocks in which this fund invests. Also, notice the placement of the two Nicholas Applegate funds. They are clearly to the right of the Russell Growth benchmarks. Originally, the Mini Cap fund optimized at 100% on the Russell 2000 Growth. However, allowing StyleADVISOR to short equity benchmarks shows just how much more “small growth” Nicholas Applegate really is than the Russell 2000 Growth benchmark.
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8% 25% 41% 11% 58% 91% 66% –3% 16%



Large Growth 66% 69% 142% 20% –15% –2% –11% –42% –25%



Mid Value –12% –55% –57% 4% 11% 0% 11% 39% –8%



Mid Growth



38.42 24.29 13.41 57.72 90.07 88.06 81.52 46.85 38.72



Russell 3000 R2 (%) 91.77 66.26 35.05 72.21 92.54 90.61 93.93 92.00 87.50



Single Style Benchmark R2 (%) 95.40 69.19 55.74 82.66 92.92 95.17 94.20 92.25 87.50



Blended Style Benchmark R2 (%)



3% 9% 16% 50% 40% 1% 4% 3% –3%



Small Value



96.61 78.38 67.91 82.58 93.88 95.26 94.25 93.92 89.77



Shorting Allowed Blended Style Benchmark R2 (%)



R-squared Values for ISBI Active Managers with Short-Selling Allowed



LSV Asset: Large Cap Value Southeastern Asset Management Ariel Capital: Small Cap Value TCW Group: Value Added Holland Capital: High Quality Growth Alliance: Large Cap Growth Geewax Terker: Growth All Cap Nicholas-Applegate: Emerging Growth Nicholas-Applegate: Mini Cap Growth
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31% 20% –72% –3% 28% 14% 12% 13% –9%



Large Value



Equity Style Results for ISBI Active Managers with Short-Selling Allowed



LSV Asset: Large Cap Value Southeastern Asset Management Ariel Capital: Small Cap Value TCW Group: Value Added Holland Capital: High Quality Growth Alliance: Large Cap Growth Geewax Terker: Growth All Cap Nicholas-Applegate: Emerging Growth Nicholas-Applegate: Mini Cap Growth
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3% 33% 30% 19% –22% –4% 19% 90% 129%



Small Growth
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Equity Style Map for Active Managers with Short-Selling Allowed



PERFORMANCE MEASUREMENT Once ISBI identiﬁes appropriate benchmarks, we can begin to look at investment performance.



R-squared R-squared is a simple but important statistic used to measure how much of the variance of a manager’s returns are explained by the variance of a benchmark portfolio. It is typically taken from a returns-based style analysis of the manager. The goal of the Barclays Global Index Fund is to replicate the S&P 500 index, and so the most appropriate style benchmark of the Index Fund is the S&P 500 index. Exhibit 15.4 shows that the Barclays Index Fund has a 100% R-squared to the S&P 500. In other words, the variance of the S&P 500 index explains 100% of the variance of the Barclays Index Fund. The return on the fund has a perfect correlation to the benchmark. In addition, the fund returned no excess return to the benchmark in the three years ended December 2001. Thus the fund acts exactly in tandem with its goal.
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EXHIBIT 15.11



Tracking Error
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Tracking Error for J.P. Morgan Enhanced Index versus S&P 500 Index, Rolling 5-Year Window



Tracking error equals the standard deviation of an investment manager’s excess return relative to a benchmark. Lower the tracking error implies more consist excess return. Higher tracking error implies less consistent excess return. An index manager will typically have a tracking error at or near zero. An enhanced indexer will have a tracking error of less than 200 basis points. Active diversiﬁed managers tend to have a tracking error between 250 and 800 basis points. A concentrated manager will often exceed 800 basis points of tracking error. A plan sponsor should use tracking error with the most appropriate benchmark, or the statistic can be very misleading. The goal of the JP Morgan Research Enhanced Index fund is to provide excess return to the S&P 500 index on a consistent basis. Since the goal of this fund is to provide excess return to the S&P 500 on a consistent basis, we will examine their standard deviation of excess return (tracking error). Exhibit 15.11 shows J.P. Morgan’s Research Enhanced Index’s tracking error on the horizontal axis. However, it is important to evaluate managers over several rolling periods. It is not always proper to look at a manager over just a single period (even if it is long), because statistics can change dramatically depending on the beginning and ending periods that one chooses. Exhibit 15.11 shows the 61 rolling ﬁve-year windows shifted monthly over the last 10 years. The smallest circle represents the
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oldest ﬁve-year window, December 1991–December 1996. The largest circle is the most recent ﬁve-year window, December 1996–December 2001. Exhibit 15.11 shows that, even though J.P. Morgan’s tracking error increased throughout the last decade, it always remained well below 150 basis points. The manager met the goal of keeping its consistency (tracking error) under control in an increasingly volatile market.



Excess Return One of ISBI's primary goals is to select managers with strong excess return through stock selection. If one measures LSV (a large cap value manager) versus a broad market benchmark like the S&P 500 or Russell 3000, it appears to be strong performer in times when value is in favor. However, when growth outperforms, LSV appears to underperformer. As we will show, this is because of their style. In Exhibit 15.12, we see LSV performance over rolling ﬁve-year windows from November 1993 to December 2001 versus the overall market, as represented by the Russell 3000. The smaller circles are earlier periods, and the bigger circles are later periods. The vertical axis shows LSV’s excess return to the Russell 3000 benchmark. As expected, Exhibit 15.12 shows that LSV performed poorly relative to the overall market when growth was in favor in the mid-1990s, and performed well when value came back into favor in the later periods. EXHIBIT 15.12



Performance for LSV Asset Management versus Russell 3000 Index, Rolling 5-Year Window
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EXHIBIT 15.13



Performance for LSV Asset Management versus Blended Equity Style Benchmark, Rolling 5-Year Window



Exhibit 15.13 also shows LSV’s excess return versus its blended style benchmark, not the Russell 3000. A manager’s excess return above its blended style benchmark is its excess from stock selection. ISBI seeks managers with this excess return. LSV provided excess return above its true blended style benchmark in every rolling ﬁve-year period since its inception. This implies that LSV is a good stock selector. This also shows the importance of evaluating a manager versus their appropriate blended style benchmark, as opposed to a broad market benchmark. The moral to this story is that a plan sponsor should neither credit nor blame a manager if its style does well or poorly. However, a manager must be fully accountable for his or her stock selection. This analysis suggests that LSV remains a value manager, whether value is in favor or not, and that is its value-added from stock selection is consistent.



Computing Excess Return from Stock Selection and Style Exhibit 15.14 shows the annualized rates of returns for TCW Value Added, the Russell 2000 Value, and TCW’s blended style benchmark for the three years ended December 2001. TCW Value Added beat the Russell 2000 Value benchmark, its best single style benchmark, by 12.18%. As noted earlier, excess return has two components. One component is
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from style selection and the other is from stock selection. In order to compute the return added from stock selection, subtract the blended style benchmark return from TCW’s return: 23.49% minus 7.03% equals 16.46%. To compute the return added or lost from style differences with the Russell 2000 Value, subtract the return of the Russell 2000 Value from the blended style benchmark: 7.03% minus 11.31% equals minus 4.28%. Therefore, TCW added 16.46% from stock selection and lost 4.28% from its style. 16.46% minus 4.28% equals 12.18% (TCW’s excess return relative to the Russell 2000 Value). TCW had little control of how its style would perform during this three-year period, but had great control over their stock selection. Therefore, ISBI will forgive the relative loss of 4.28% from their style bets, and will praise their strong 16.46% of excess from stock selection.



Information Ratio One statistic that can help measure whether the investment manager is providing enough excess return relative to that manager’s consistency of excess return is information ratio. The information ratio is simply excess return divided by tracking error. A good information ratio for an investment manager is a number greater than 0.5. It is important that a plan sponsor take the extra step of discovering the manager’s true blended style benchmark before measuring information ratio. Exhibit 15.15 shows Ariel’s information ratio over the 25 rolling three-year periods during the ﬁve years ended December 2001. One can argue that since Ariel is a small-value manager, the best single style benchmark is the Russell 2000 Value. Exhibit 15.14 shows that Ariel’s information ratio versus the Russell 2000 Value is good, but not exceptional. Though it is never negative, it rarely surpasses 0.5. However, as explained previously, the Russell 2000 Value only describes a small percentage of the variance of Ariel’s return. A more accurate analysis of its information ratio is to analyze Ariel’s information ratio in relation to its appropriate blended style benchmark. This will show Ariel’s excess return and consistency from its stock selection.



EXHIBIT 15.14



Annualized Rates of Return for the Three Years December 2001



TCW Value Added Russell 2000 Value TCW’s Blended Style Benchmark



23.49% 11.31% 7.03%
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Ariel Capital Information Ratio, Rolling 3-Year Window



Exhibit 15.16 shows Ariel’s information ratio during the same periods versus its appropriate blended style benchmark. As evidenced in Exhibit 15.16, Ariel’s information ratio is well above 0.5 in 25 out of 25 rolling three-year windows from December 1996 to December 2001. This clearly shows that they are achieving a desirable excess return from stock selection relative to their consistency of the excess return.



Upside–Downside Capture Another important criteria for evaluating performance it to see how an investment manager does in both up and down markets. Since the goal of ISBI is to construct a portfolio that outperforms in both up and down markets, it is important to have managers that do both. Southeastern Asset Management provides a good example of this. In the 10 years ended December 2001, the Russell 3000 had positive return in 79 months and negative return in 41 months. In the 79 up months, the Russell 3000 returned an average monthly return of 3.40%. During those same 79 months, Southeastern returned an average monthly return of just 2.89%. 289 basis points divided by 340 basis point equals 0.85. Therefore, Southeastern captured 85% of the upside. In the 41 down months, the Russell 3000 returned an average monthly return of minus
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3.39%. During those same 41 months, Southeastern returned an average monthly return of minus 1.41%. 141 basis points divided by 339 basis points equals 0.42; therefore, Southeastern only captured 42% of the downside. Southeastern holds up well in broad down markets, but has difﬁculty keeping pace with board up markets. This seems troubling at ﬁrst glance, because ISBI wants to do well relatively in both bull and bear markets. The previous analysis is not entirely accurate or complete because Southeastern does not manage a broad market portfolio, but rather a value portfolio. When ISBI runs the analysis versus their appropriate blended style benchmark, a clearer picture develops. Southeastern’s blended style benchmark returned an average of 3.00% in up markets and minus 2.60% in down markets during the 10 years ended December 2001. During these times, Southeastern’s portfolio return in positive and negative markets was 3.18% and minus 2.39% respectively. Therefore, during their true up market, they capture 106% of the upside and still only capture 92% of the downside. This is the optimal situation; i.e., an investment manger that returns more than 100% of the upside in an up market, and less than 100% of the downside in a down market. EXHIBIT 15.16



Ariel Capital Information Ratio versus Blended Equity Style Benchmark, Rolling 3-Year Window
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Equity Style Map for Holland Capital, Rolling 3-Year Window



Equity Style Consistency Equity style consistency is another important measurement. ISBI looks at the consistency of an investment manager over rolling three-year windows, using the six Russell equity style indexes and returns-based style analysis. Exhibit 15.17 shows the style map for Holland Capital. The map shows that Holland Capital has a very consistent style. There are 25 circles representing 25 rolling three-year periods. As before, the smallest circle represents the oldest three-year period and the largest circle represents the most recent three-year period. The high concentration of these circles shows that Holland Capital's style rarely changes. Hence Holland Capital's equity style (i.e., its blended style benchmark) is truly its “signature” or “ﬁngerprint.” During this time period (January 1997–December 2001), technology produced sky-high returns in the earlier years, and plummeted downward in the latter years. Even with the great movement in technology stocks, Holland Capital’s equity style remained the same. They maintained a consistent philosophy and process. This is a great help to plan sponsors, who need to be able to predict how their investment manager will react in different markets. It appears likely that Holland Capital's equity style will remain consistent during the next ﬁve years.
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EXHIBIT 15.18



Tracking Error for Alliance Capital versus Blended Equity Style Benchmark, Rolling 3-Year Window



Using Tracking Error to Measure Equity Style Consistency A more accurate way of measuring consistency of process and philosophy is to examine a manager’s tracking error relative to its blended style benchmark over rolling periods. Quantitatively, if a manager’s process and philosophy is consistent, the manager’s tracking error to its blended style benchmark should not change. Exhibit 15.18 shows the tracking error of Alliance Capital’s Large Growth fund relative to its blended style benchmark over time. Tracking error is on the horizontal axis. This is a good example of how consistent a manager’s tracking error can be over time. Even though the ﬁve years ended December 2001 was a period of both good and bad results for growth equities, Alliance’s process and philosophy remain unchanged. Their tracking error to their blended style benchmark stayed consistently at about 6.0% through every rolling three-year period. It never changed, even though market environments did change.



Using R-squared to Measure Equity Style Consistency Another way to look at consistency of style it to look at the investment manager’s R-squared value over rolling periods. Exhibit 15.19 shows the R-squared of Geewax Terker using the Russell 3000 Growth benchmark. It shows that Geewax Terker All Cap Growth consistently had a
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high correlation to the Russell 3000 Growth benchmark. In all 49 rolling three-year periods since December 1994, the R-squared is more than 90%, and in the majority of periods, it is 95% or better.



Evaluating Multiple Managers Side-by-Side ISBI also uses equity style analysis to distinguish between two similar managers when doing a manager search. The following scenario discusses two hypothetical large cap growth managers, Manager A and Manager B. A commonly used chart to compare two investment managers is a cumulative return chart, which compares the returns of two managers side-by-side in the same time period. Another commonly used chart is the return-versusrisk chart, which compares the return and risk levels of the two managers. Exhibit 15.20 is a cumulative return chart that compares the total return of Manager A, Manager B, and the Russell 1000 Growth benchmark. It shows that Manager B outperformed both Manager A and the Russell 1000 Growth benchmark in each cumulative period and returned the highest amount in the one-, two-, three-, four-, and ﬁveyear periods. Exhibit 15.21 shows that not only did Manager B outperform Manager A for the ﬁve-year period ended September 2001, but also achieved this performance with less risk. Therefore, with the evidence shown thus far, many investors would conclude that Manager B was the better manager for this ﬁve-year period. EXHIBIT 15.19 Index



R-squared Values for Geewax Terker Using Russell 3000 Growth



A Plan Sponsor Perspective on Equity Style Management



EXHIBIT 15.20



Cumulative Returns for Managers A and B versus Russell 1000



Growth Index



EXHIBIT 15.21 Growth Index



Risk/Return Graph for Managers A and B versus Russell 1000
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Equity Style Summary for Managers A and B
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However, this is not enough information. It is also important to choose the most appropriate blended style benchmarks for Manager A and Manager B to determine if their good relative performance is due to their style or their stock selection. That is, a plan sponsor needs to determine whether the outperformance was due to the investment manager’s luck or skill. This question is also addressed in the chapter by Surz in this book. Exhibit 15.22 clearly shows that Manager A has a higher percentage of growth in the portfolio than Manager B. Manager A has a style that is approximately 90% large cap growth and 10% large cap value. Manager B has a style that is approximately 60% large cap growth and 40% large cap value. This means that when growth markets outperform value markets, Manager A will probably outperform Manager B. When value outperforms growth, Manager B will probably outperform Manager A. The period of 1997 through 2001 is a good test because both growth and value did well over this time (but during different years). Exhibit 15.23 shows that in 1997 value outperformed growth, and Manager B outperformed Manager A. In 1998, growth outperformed value and Manager A outperformed Manager B. Calendar year 1999 continued the growth run and Manager A beat Manager B once again. In 2000, growth actually lost money and value squeezed out a gain. Since value did better, Manager B outperformed Manager A. Finally, in the ﬁrst three quarters of 2001 (YTD), value continued to outperform
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growth, and Manager B continued to outperform Manager A. Exhibit 15.23 shows that equity style obviously had a big impact on the performance of these two investment managers. Now that ISBI knows the appropriate blended style benchmarks to evaluate each of these managers, it can be determined whether the excess return came from equity style or stock selection. Exhibit 15.24 shows the excess return of these managers for the ﬁve years ended September 2001. Manager A’s total excess return relative to the Russell 1000 Growth was 174 basis points. Manager B’s total excess return to the Russell 1000 Growth was 231 basis points. As before, excess return can be broken into the two components of equity style and stock selection. Exhibit 15.22 showed that Manager A’s style benchmark is 89% Russell 1000 Growth and 11% Russell 1000 Value, whereas Manager B’s style benchmark is 61% Russell 1000 Growth and 39% Russell 1000 Value. When we compare these investment managers to their appropriate blended style benchmarks, we get very different results than previously. Manager A’s excess return over its style benchmark is positive 103 basis points, whereas Manager B’s excess return over its style benchmark is negative 36 basis points. Excess return over a blended style benchmark is equal to a manager's excess return due to stock selection. EXHIBIT 15.23



Annual Performance Summary for Managers A and B versus Russell 1000 Growth Index
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EXHIBIT 15.24



Equity Style Summary for Managers A and B, Blended Equity Style Benchmark versus Russell 1000 Growth Index



Therefore, Manager A achieved 103 basis points from stock selection and an additional 71 basis points from its equity style: 103 basis points plus 71 basis points totals the 174 basis points of excess return relative to the Russell 1000 Growth. Manager B lost 36 basis points from stock selection and gained 267 basis points from its style: –36 basis points plus 267 basis points equals 231 basis points of excess relative to the Russell 1000 Growth. This analysis suggests that Manager A’s portfolio achieved most of its excess return through stock selection, and Manager B's portfolio achieved all of its excess return through the luck of its style! Since cumulative return charts can be misleading, it is important to evaluate their excess return versus their respective blended style benchmarks over rolling three-year windows. Exhibit 15.25 shows that Manager A has consistently good stock selection in every rolling three-year window. Manager B has consistently poor stock selection abilities in every rolling three-year period. This simple exercise shows how total return charts and return versus risk charts can be very misleading. It is important for the plan sponsor to further examine the performance statistics and hold investment managers accountable for their excess return due to stock selection, but not necessarily for their equity style. In the end, everyone beneﬁts from an increased understanding of how an equity manager truly behaves and from an assessment of the impact the portfolio manager on the success of the fund.
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EXHIBIT 15.25



Excess Return versus Blended Equity Style Benchmark for Managers A and B, Rolling 3-Year Window



CONCLUSION The process of monitoring and evaluating investment managers is complex and ongoing. In this chapter, we have seen an overview of the way in which the ISBI uses one valuable tool, equity style management, to aid in this process. In the course of this overview I have used a popular methodology of equity style management, returns-based style analysis, to perform various quantitative tests on the ISBI active equity managers. It is hoped that this discussion will suggest to other plan sponsors the value of equity style analysis in the overall task of equity portfolio management in a large pension fund.



CHAPTER



16



An Analysis of U.S. and Non-U.S. Equity Style Index Methodologies H. David Shea, CFA Director Citigroup Asset Management



oday, the use of equity style indexes is a routine part of investment management: as appropriate benchmarks against which to measure manager performance, as instruments for performing returns-based style analysis, and as an integral part of active (and enhanced passive) equity investment strategies. In the 15+ years since the ﬁrst equity style indexes appeared, the usage, terminology and understanding of equity style indexes have congealed around a common core. Ironically, the variation in the details behind the creation of equity style indexes (and the implications of those variations to the investment management process) is still a hotly contested topic among investment practitioners. In the second edition of this book, Melissa Brown and Claudia Mott presented a detailed and comprehensive survey of U.S. equity style indexes available at that time.1 In that survey, the authors showed that



T



1



Melissa R. Brown and Claudia E. Mott, “Understanding the Differences and Similarities of Equity Style Indexes,” in T. Daniel Coggin, Frank J. Fabozzi, and Robert D. Arnott, eds., The Handbook of Equity Style Analysis, Second Edition (New Hope, PA: Frank J. Fabozzi Associates, 1997).



The author gratefully acknowledges the efforts of Aditya Gupta, Ed Jonker, Ian Kane, Alex Karpenko, Stephen Kauke, Praveen Kumar, Agnes Ladanyi, Wally Moran, Greg Parcella, Bala Ramasamy, Abraham Thomas, and Tatyana Yalovitser, whose hard work on the Citigroup internal databases made the research supporting this chapter possible.
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there were indeed a number of similarities but also some very important differences between widely available equity style indexes. They concluded that the “differences can have a signiﬁcant impact on investment management and research.” This chapter updates and extends the Brown and Mott survey by using monthly data through March 2002 for U.S., non-U.S. and global/multicountry equity style indexes, and by exploring some equity style index alternatives that have recently become available.



EQUITY STYLE INDEXES Equity style indexes are available in two basic dimensions: the capitalization dimension (smaller-to-larger), and the valuation dimension (relatively inexpensive “value” to relatively expensive “growth”). Their use in the investment management process has grown considerably since the ﬁrst commercial equity style indexes were introduced by The Frank Russell Company and Wilshire Associates in 1987. Equity style indexes are now available from a host of commercial index providers for virtually the entire spectrum of investable U.S. equities. In addition, equity style indexes are now also available for a broad range of non-U.S. markets and multicountry series. The two basic dimensions on which equity style indexes are typically created are relatively well deﬁned and understood. On the capitalization dimension, equities are ranked on some measure of their relative size and indexes are created based on subsets of this ranking. On the valuation dimension, equities are ranked on some measure of relative value and indexes are created based on subsets of this ranking. At virtually any deeper level of analysis, the deﬁnitions are less well deﬁned and agreed upon. The appropriate measure of relative size (full shares outstanding or shares outstanding adjusted for assumptions on free ﬂoat) and the appropriate measure of relative value (price-to-book value, price-to-earnings, dividend yield, or multifactor valuation models) are both continuously debated. While most index data providers now include some measure of adjustment for free ﬂoat, the determination of the free ﬂoat adjustment (and therefore the measure of relative size of the equities) can vary across providers. Also, while the majority of the valuation indexes covered in this chapter use price-to-book value as a determining valuation measure, examples will be presented using other measures and combinations of measures. In addition I will examine the question of whether equities are exclusively included in a single subset or are allowed to be included in multiple subsets, and the question of whether any equities from the full investment universe are excluded from all subsets.
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This chapter presents an overview of the major commercially available equity style index data and the methodologies employed in the creation of the style indexes. 2 Where possible, the Internet Web site of each index provider is also noted. The presentation is separated into providers of single-country style index data and global/multicountry equity style index data. For a comprehensive discussion of equity style index ETFs (exchange-traded funds), their methodologies and uses, see the chapter by Hill in this book.



Single-Country Indexes The following section presents a summary of single-country equity style index data available from four separate index data providers. Most work involving equity style indexes has focused on the U.S. stock market, thus more style index data and more extensive market coverage are available for the U.S. market. All of the index data providers discussed in this chapter have extensive data available for the U.S. market. Some have data available for other single-country markets, as well. The concentration of the analyses in this section will focus on the data available for the U.S. market.



Standard & Poor’s/BARRA Standard & Poor’s is the provider of the ubiquitous S&P 500 index as well as a large family of additional single-country, global, and regional equity indexes.3 BARRA is an investment management service company specializing in equity, ﬁxed income and enterprise risk management solutions. Standard & Poor’s provides U.S. equity style indexes in the size dimension through their U.S. Equity Index series which includes the S&P Super Composite 1500 Index, an index made up of approximately the 2



While this chapter focuses on commercially available equity style index data providers, there are a few noncommercial providers who are worth mentioning for reference. These indexes are generally available at no charge. These include Barclays Global Investors (http://www.barclaysglobal.com), Independence Investment Associates (http://www.independence.com), and Parametric Portfolio Advisors (http:// www.parametriclp.com). In addition, there are the “Fama-French” equity style indexes, developed by finance professors Eugene Fama (University of Chicago) and Kenneth French (MIT) that are primarily used by academic researchers. 3 Access to index data and detailed information for the S&P Indexes and the S&P/ BARRA U.S. Equity style indexes can be found at the Standard & Poor’s Global Index Services Web site (http://www.spglobal.com/indexmain500.html). Access to index data and detailed information for the S&P/BARRA U.S. Equity style indexes can also be found at the BARRA Research and Indexes Web site (http://www.barra.com/ research/default.asp).
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1,500 largest U.S. traded securities, the S&P 500 Index (large capitalization), the S&P MidCap 400 Index, and the S&P SmallCap 600 Index. A cooperative effort between Standard & Poor’s and BARRA provides style indexes in the valuation dimension via the S&P/BARRA U.S. Equity style indexes. This index series includes the S&P 500/BARRA Value Index, the S&P 500/BARRA Growth Index, the S&P 400/BARRA Value Index, the S&P 400/BARRA Growth Index, the S&P 600/BARRA Value Index and the S&P 600/BARRA Growth Index. These indexes are created by starting with the securities in the appropriate S&P size dimension index. Within each index, the securities are ranked by book value of common equity divided by market capitalization. Starting with the securities with the highest book value of common equity to market capitalization, securities are added to the appropriate S&P/BARRA Value index until approximately 50% of the market capitalization of the entire index has been accumulated. The remaining securities are added to the appropriate S&P/BARRA Growth index. Exhibit 16.1 shows the conﬁguration of the S&P Indexes and the S&P/BARRA Indexes within the S&P 1500 Composite Index. Here we see that the S&P 500 Index comprises the S&P 500/BARRA Value Index and the S&P 500/BARRA Growth Index, the S&P MidCap 400 Index comprises the S&P 400/BARRA Value Index and the S&P 400/BARRA Growth Index, the S&P SmallCap 600 Index comprises the S&P 600/ BARRA Value Index and the S&P 600/BARRA Growth Index. We also see that the S&P 1500 Super Composite Index comprises the S&P 500 Index, the S&P MidCap 400 Index, and the S&P SmallCap 600 Index. EXHIBIT 16.1



Equity Style Index Conﬁguration of the S&P 1500 Super Composite
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EXHIBIT 16.2 S&P Indexes: Performance Relative to the S&P 1500 Super Composite Index



From an investment management perspective, an important aspect of equity style indexes is that they are distinguishable from one another; that they truly represent measurably distinct aspects of the investment universe from which they are drawn. Exhibit 16.2 shows the relative performance of the S&P size dimension style indexes relative to the S&P 1500 Super Composite Index. Here, the cumulative return series for each size index is divided by the cumulative return series for the S&P 1500 Super Composite Index and the results are plotted. The exhibit shows that, while there is some visible correlation between the S&P 400 and the S&P 600 index, the relative performance of each of the three indexes is visibly distinguishable. Exhibits 16.3, 16.4, and 16.5 show the same relative performance of the S&P/BARRA valuation-based style indexes versus the appropriate S&P size-based indexes. Here again, the relative performance differentials of the valuation style indexes show that they are visibly distinguishable. Another way to evaluate the distinctions between equity subsets is to look at the correlations between the returns of the subsets. Exhibit 16.6 presents a full correlation matrix for all of the S&P and S&P/BARRA indexes. The submatrices are of particular interest. One for the size dimension correlations (lighter gray) and one each for the valuation dimension correlations (individually in darker gray) have each been highlighted. The correlations between the individual size indexes are all relatively low (i.e., less than 1.0): the S&P 500/S&P 400 correlation is
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EXHIBIT 16.3



S&P 500/BARRA Indexes: Performance Relative to the S&P 500



TE



Index
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0.848, the S&P 500/S&P 600 correlation is 0.695, and the S&P 400/ S&P 600 correlation is 0.886. The correlations between the individual value and growth indexes are low as well: the S&P 500/BARRA Value/ S&P 500/BARRA Growth correlation is 0.764, the S&P 400/BARRA Value//S&P 400/BARRA Growth correlation is 0.697, and the S&P 600/ BARRA Value//S&P 600/BARRA Growth correlation is 0.809. The very high correlation between the S&P 1500 Super Composite Index and the S&P 500 Index (0.997) is expected, and is due to the fact that the market capitalization of the S&P 500 Index accounts for 89% of the market capitalization of the S&P 1500 Super Composite Index. In addition to the U.S. equity style index data, Standard and Poor’s also provides single country (size dimension only) style index data for Australia and Canada.4 BARRA also provides single country equity style index data (on size and valuation dimensions) for the Canadian equity market as well.5



4 Access to index data and detailed information for the S&P/ASX Australia equity style indexes can be found at the S&P Australia Index Web site (http://www.spglobal.com/ indexmainasx.html). Access to index data and detailed information for the S&P/ TSX Canada equity style indexes can be found at the S&P Canada Index Web site (http://www.spglobal.com/indexmaincanada.html). 5 Access to index data and detailed information for the BARRA Canada equity style indexes can be found at the BARRA Research and Indexes Web site (http://www.barra.com/research/canada_index/default.asp).
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S&P 400/BARRA Indexes: Performance Relative to the S&P 400
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S&P and S&P/BARRA Equity Style Index Correlations, January 1994–March 2002
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Equity Style Index Conﬁgurations of the Russell 3000 Stocks



The Frank Russell Company The Frank Russell Company is a multimanager investment strategy ﬁrm.6 As a key part of their business, they have marketed a set of U.S. equity style indexes since 1984. These indexes provide size dimension, valuation dimension and combined size-valuation dimension subsets of the U.S. equity market. The indexes included in the series are the Russell 3000 Index, the Russell 2000 Index, the Russell 1000 Index, the Russell 3000 Value Index, the Russell 3000 Growth Index, the Russell 2000 Value Index, the Russell 2000 Growth Index, the Russell 1000 Value Index, and the Russell 1000 Growth Index. Exhibit 16.7 shows the conﬁguration of all of the Russell style indexes within the Russell 3000 Index. The Russell 3000 Index is made up of approximately the 3000 largest U.S. domiciled securities. The Russell 1000 Index is the top 1000 of these by market cap; the Russell 2000 Index, the remaining 2000. Russell uses their own internal determination of adjustment for free ﬂoat to determine a security’s appropriate weight in each of the indexes. As the ranking determination for the valuation dimension, Russell uses a combined measure of internally adjusted book value of common equity divided by market capitalization and I/B/E/S forecast long-term growth rate. This combined value is used within a proprietary model to determine the percentage allocation for each security to the given value index and the percentage to the given growth index. The sum of the value and growth allocations is equal to 100% for each security. As of March 2002, within the Russell 3000 Index, 38% of the securities were allocated only to the Russell 3000 Value Index, 6 Access to index data and detailed information for the Russell U.S. Equity style indexes can be found at the Russell U.S. Equity Indexes Web site (http://www.russell.com/ us/indexes/us/default.asp).
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32% were allocated only to the Russell 3000 Growth Index, and 30% were allocated in some proportion to both indexes. The overlap is illustrated for each set of valuation dimension style indexes in Exhibit 16.7. Note that the Russell valuation dimension style indexes are created relative to a particular Russell size dimension index. Because of this, it is important to note that the Russell 3000 Value Index is not the composition of the Russell 1000 Value Index and the Russell 2000 Value Index. The same is true for the Russell 3000 Growth Index: It is not the composition of the Russell 1000 Growth Index and the Russell 2000 Growth Index. This is illustrated in Exhibit 16.7, where the possible compositions of indexes into the Russell 3000 Index are shown as: ■ Russell 3000 = Russell 3000 Value + Russell 3000 Growth; ■ Russell 3000 = Russell 1000 + Russell 2000; and ■ Russell 3000 = Russell 1000 Value + Russell 1000 Growth



+ Russell 2000 Value + Russell 2000 Growth. Exhibits 16.8 and 16.9 present the relative performance of the Russell size dimension style indexes and the Russell valuation dimension style indexes, respectively. In the size dimension, the relative performance of the Russell 1000 and the Russell 2000 Indexes to the Russell 3000 Index is plotted. Visibly, the two size subsets are different from each other. The similarity of the Russell 1000 to the Russell 3000 is due to the fact that the Russell 1000 currently represents approximately 93% of the market capitalization of the Russell 3000 Index. This approximate weighting holds through the time plotted, and as such we would expect the Russell 3000 performance to be very similar to the Russell 1000 performance. In Exhibit 16.9, the relative performances of all of the valuation dimension indexes are presented on a single chart. It is important to note that even though they are presented together, the plotted performance is relative to the appropriate size dimension index: Russell 3000 Value and Growth to the Russell 3000 Index, Russell 1000 Value and Growth to the Russell 1000 Index, and Russell 2000 Value and Growth to the Russell 2000 Index. Exhibit 16.10 shows the full correlation matrix for the Russell indexes. Again, the submatrices are of particular interest. One for the size dimension correlations (lighter gray) and one each for the valuation dimension correlations (individually in darker gray) have been highlighted. Here again we see relatively low correlations everywhere. However, the correlations tend to be higher than comparable correlations for the S&P Indexes. This is most likely due to a combination of factors, one of which is the fact that the Russell Indexes have some overlap in the valuation indexes where the S&P Indexes are mutually exclusive.
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Russell Equity Style Index Correlations, January 1979–March 2002
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Russell provides equity style indexes (both valuation and size dimensions) for the Canadian and Japanese equity markets as well.7 These are created in a similar fashion to the Russell U.S. equity style indexes with the following exceptions. The Canadian style indexes are based on the TSE 300 Index and start with a universe of the 300 largest securities domiciled in Canada and traded on the Toronto Stock Exchange. The Japanese style indexes are created in conjunction with Nomura and start with a universe consisting of the largest 95% of investable equity in the Japanese market. The Japanese style indexes also use total market capitalization instead of ﬂoat adjusted market capitalization and use only book value of common equity divided by market capitalization as the ranking value for the valuation dimension style indexes.



Wilshire Associates Wilshire Associates is an independent investment advisory company. 8 As a key part of their business, they maintain sets of broad market, style and specialty indexes. The Wilshire equity style index series is based on the broad market Wilshire 5000 Index, which comprises the largest U.S. domiciled and traded equities. The series includes the Wilshire Large Cap 750 Index, the Wilshire Small Cap 1750 Index, the Wilshire Micro-Cap Index, the Wilshire Large Value Index, the Wilshire Large Growth Index, the Wilshire Small Value Index, and the Wilshire Small Growth Index. In the size dimension, the Large Cap Index includes the 750 largest securities in the Wilshire 5000 Index, the Small Cap Index includes the next 1750 securities, and the Micro-Cap Index includes the remaining securities. In the valuation dimension, only the Large Cap and the Small Cap Indexes are divided into valuation style indexes. A combined valuation ranking factor that is 75% book value of common equity divided by market capitalization and 25% I/B/E/S projected P/E is used to split the two indexes equally into a separate value and growth index. Exhibit 16.11 shows the conﬁguration of the Wilshire style indexes within the Wilshire 5000 Index. 7 Access to index data and detailed information for the Russell Canada equity style indexes can be found at the Russell Canada equity indexes Web site (http://www.russell.com/ US/Indexes/CANADA/default.asp). Access to index data and detailed information for the Russell/Nomura Japan equity style indexes can be found at the Russell Japan Equity Indexes Web site (http://www.russell.com/US/Indexes/JAPAN/default.asp). 8 Access to index data and detailed information for the Wilshire U.S. equity style indexes can be found at the Wilshire Style Indexes Web site (http://www.wilshire.com/ Indexes/Wilshire). The Wilshire U.S. equity style index data used in the analyses presented in this paper were accessed as part of a subscription service included with the Zephyr Associates Style Advisor software. Information about Zephyr Associates, the Style Advisor software, and index data available for use with the Style Advisor software can be found at the Zephyr Associates Web site (http://www.styleadvisor.com).
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EXHIBIT 16.11



Equity Style Index Conﬁguration of the Wilshire 5000
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Wilshire Equity Style Indexes: Performance Relative to the Wilshire



5000



Exhibits 16.12 and 16.13 present the relative performance of the Wilshire size dimension style indexes and the Wilshire valuation dimension style indexes, respectively. In the size dimension, the relative performance of the Large Cap, Small Cap and Micro-Cap Indexes to the Wilshire 5000 Index is plotted. Visibly, the three size subsets perform differently from each other. In Exhibit 16.13, the relative performances of all of the valuation dimension indexes are again presented on a single chart. Exhibit 16.14 shows the full correlation matrix for the Wilshire Indexes with the submatrices of particular interest highlighted.
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Relative Performance of the Wilshire Size and Valuation Indexes



Dow Jones Dow Jones publishes business and ﬁnancial news and information, including the Wall Street Journal and Barron’s.9 As a key part of the business, they maintain a set of well-recognized global indexes that include the ubiquitous Dow Jones Industrial Average, the Dow Jones Transportation Average, the Dow Jones Utility Average, the Dow Jones Global Indexes and the Dow Jones STOXX family of indexes. As an extension of the Dow Jones Global Indexes (DJGI), Dow Jones provides the U.S. equity style Indexes that provide size and valuation style dimension subsets of the DJGI U.S. Total Market Index. The DJGI U.S. Total Market Index comprises the largest 95% of the investable securities in the U.S. market. As of March 2002, the DJGI U.S. Large Cap Index constituted approximately 72% of the DJGI U.S. Total Market Index, the DJGI U.S. Mid Cap Index constituted 20%, and the DJGI U.S. Small Cap Index constituted 8%. Using an internally generated valuation measure, the securities in each of the DJGI U.S. size indexes are ranked into value, growth and neutral (neither value nor growth) subsets. The securities in the value and growth subsets are used to construct the valuation style indexes. The securities in the neutral subset are not included in any valuation style indexes. 9



Access to index data and detailed information for the Dow Jones U.S. Equity Style Indexes can be found at the Dow Jones U.S. Style Indexes Web site (http:// www.djindexes.com/jsp/styleIndexes.jsp).
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Wilshire Equity Style Index Correlations, January 1979–March 2002
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Equity Style Index Conﬁguration of the DJGI U.S. Total Market



Index



Exhibit 16.15 presents the conﬁguration of all of the DJGI U.S. equity style indexes within the DJGI U.S. Total Market Index. The gaps in the middle of the DJGI U.S. Large Cap, Mid Cap and Small Cap Indexes indicate that some securities from those indexes are not included in any valuation style index. Exhibits 16.16 and 16.17 present the relative performance of the DJGI U.S. size dimension style indexes and the DJGI U.S. valuation dimension style indexes, respectively. In the size dimension, the relative performance of the DJGI U.S. Large Cap, Mid Cap, and Small Cap Indexes to the DJGI U.S. Total Market Index is plotted. Note here too that the three size subsets perform visibly differently from each other. In Exhibit 16.17, the relative performances of all of the valuation dimension indexes are again presented on a single chart. Notice here that there is much less symmetry relative to the appropriate size index than was apparent for corresponding plots from the other data providers. This is caused by the fact that not all of the securities in the DJGI size indexes are included in the corresponding value and growth indexes. The differential performance of those securities (which are included in the size index but not in either of the valuation indexes) causes the asymmetric relative performance patterns seen here. Exhibit 16.18 shows the full correlation matrix for the DJGI U.S. equity style indexes with the submatrices of particular interest highlighted. Here, too, we can see the effect of the neutral securities not being included in the valuation indexes. Notice that the correlations of the value and growth indexes within a size category (Large Value/Large Growth = 0.572, Mid Cap Value/Mid Cap Growth = 0.385 and Small Cap Value/ Small Cap Growth = 0.538) are much lower than the correlations for corresponding index pairs from the other data providers.
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DJGI U.S. Indexes: Performance Relative to the DJGI U.S. Total
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Global/Multicountry Indexes This section presents a summary of global and multicountry equity style index data available from three separate index data providers. The equity style data available for non-U.S. markets has improved over the years with: (a) the general improvement in market data available for non-U.S. markets, and (b) growing interest in style research and investment in non-U.S. markets. However, as you will see in this section, the depth of style data and the breadth of the style dimensions covered in the non-U.S. markets is not quite as extensive as we saw in the examples in the previous section. In addition to the differences presented in the last section, global/ multicountry style analysis adds an additional dimension, market coverage, on which the indexes from different sources can vary. Also, more so than in the U.S. market, in non-U.S. markets, the depth of coverage through the market capitalization spectrum can vary signiﬁcantly among data providers. Both of these new areas will be highlighted in this section.



Dow Jones As mentioned in the previous section on single-country indexes, Dow Jones maintains a series of well-recognized market indexes as a key part of their business. In this section, we focus on the Dow Jones Global Indexes.10 This is a series of indexes that covers 34 global markets and presents Total Market Indexes as well as size dimension style indexes. The size dimension style indexes are the same size dimension style indexes present in the previous section for the DJGI U.S. style indexes: Large Cap, Mid Cap and Small Cap. Exhibit 16.19 presents the conﬁguration of all of the DJGI size dimension style indexes within a generic DJGI Total Market Index. Exhibit 16.20 presents the coverage of the Dow Jones Global Indexes at March 2002. Here we can see that 34 markets from around the world are represented and that Large Cap, Mid Cap and Small Cap indexes are available for almost all of them (a few markets did not have securities of sufﬁcient size and/or number to represent a Large Cap Index). Also shown are the total market capitalization for the style index, the minimum market capitalization, and the maximum market capitalization. Note that the capitalization numbers presented are the ﬂoat-adjusted values used to weight the securities in the index. 10



Access to index data and detailed information for the Dow Jones Global Equity Style Indexes can be found at the Dow Jones Global Equity Index Web site (http:// www.djindexes.com/jsp/globalIndexes.jsp).
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Equity Style Index Conﬁguration of the DJGI Total Market Indexes



Morgan Stanley Capital International Morgan Stanley Capital International, Inc. (MSCI) is a company that was formed via a joint venture between Morgan Stanley and Capital International. 11 The company’s primary business is the maintenance and production of a family of international equity and ﬁxed income indexes. The standard, market-level equity indexes were introduced initially in 1969. In 1987, the market coverage was increased to include emerging markets. In 1997, MSCI introduced value and growth subset indexes for their standard index set. In 1998, MSCI introduced a Small Cap index series. The broad based MSCI market indexes are built up from “every listed security in the market.” MSCI targets 60% of the market capitalization of the entire market for inclusion in their indexes. This is not necessarily the top 60% as there is some consideration for maintaining the appropriate sector and industry weights within the market. Using book value of common equity divided by market capitalization as a ranking measure, the individual MSCI market indexes are split in approximately 50-50 divisions based on market capitalization into the MSCI Value Index and the MSCI Growth index for the individual market. The MSCI Small Cap Index is drawn from the universe of securities in a particular market that have a full issuer market capitalization between US$200 million and US$1.5 billion. Then, based on liquidity and trading rules and on achieving an appropriate industry balance, 40% of those securities are targeted for inclusion in the MSCI Small Cap Index for the market. 11



Access to index data and detailed information for the MSCI equity style indexes can be found at the MSCI Web site (http://www.msci.com).
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Equity Style Index Conﬁguration of the MSCI Market Indexes



Exhibit 16.21 presents the conﬁguration of the MSCI Value, Growth and Small Cap Indexes within a single MSCI Market Index. Note that because the MSCI Small Cap Index is drawn from a speciﬁed market capitalization range, the securities in the MSCI Market Index and the MSCI Small Cap Index may have some overlap as depicted in Exhibit 16.21. The overlap, however, will vary from market to market depending on the capitalization range of the particular market. Also, note that the overlap is not necessarily (but could indeed be) a full overlap. Even though the MSCI Market Index is drawn from “every listed security in the market,” securities are ﬁltered out in the process of targeting 60% of the market capitalization for the index. The MSCI Small Cap Index is drawn from a speciﬁc market capitalization band within “every listed security in the market,” but securities are also ﬁltered out here for the index as well. MSCI Regional Indexes (including regional style and small capitalization indexes) are created by including the securities in the appropriate market, style or small-capitalization indexes in the regional index in proportion to their market capitalization. Because the MSCI regional indexes are created in this manner, the conﬁguration presented in Exhibit 16.21 will apply for MSCI Regional Index breakdowns as well. Exhibit 16.22 presents the coverage of the MSCI Market Indexes including the breakdown for the Value and Growth Indexes at March 2002. Exhibit 16.23 presents the coverage of the MSCI Small Cap Indexes. The Small Cap Coverage exhibit includes an additional value: the overlap with Standard Index. This indicates the amount of overlap between the MSCI Small Cap Index and the corresponding standard MSCI Market Index. This value is the sum of the total market capitalization of securities included in both the MSCI Small Cap Index and the standard MSCI Market Index divided by the sum of the total market capitalization of all securities included in the MSCI Small Cap Index. Notice the range from very little overlap (just 1% in the U.S. Market), to complete overlap (100% in the New Zealand Market).
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Salomon Smith Barney Salomon Smith Barney (SSB) is a ﬁnancial services ﬁrm providing securities brokerage and investment banking services.12 As an integral portion of their business, the Salomon Smith Barney Global Equity Index Group maintains and provides a series of global equity style indexes in the Salomon Smith Barney Global Equity Index System. The indexes include broad market indexes, size dimension style indexes and valuation dimension style indexes. 12



Please note that both Salomon Smith Barney and Citigroup Asset Management are subsidiaries of Citigroup. The author is a Director at Citigroup Asset Management.
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The SSB Broad Market Indexes are built from the universe of all securities within a market with at least US$100 million of available (ﬂoat-adjusted) market capitalization. In the size dimension, the Broad Market Indexes are broken down into the Primary Market Index (larger capitalization), and the Extended Market Index (smaller capitalization). Total capitalization is used to rank securities for the larger/smaller division, however, ﬂoat-adjusted shares are used to select and weight the securities within the subindexes. The Primary Market Indexes comprise 80% of the ﬂoat-adjusted market capitalization within a market, and the Extended Market Indexes comprise the remaining 20%. In the valuation dimension, proprietary, multifactor scoring values are used to rank each security in the Primary Market Indexes and the Extended Market Indexes on a value scale and on a growth scale. The securities are then categorized as either all value or all growth or a combination of value and growth. The value only securities are included at 100% available weight in the value subindexes. The growth only securities are included at 100% available weight in the growth subindexes. The securities that are value and growth are included at weights proportional to their value and growth scores in the value and the growth subindexes. Note that the sum of the proportional weights of an individual security in the value and the growth subindexes is equal to 100%. Exhibit 16.24 presents the conﬁguration of the SSB subindexes within a single SSB Broad Market Index. Note here that, just as with the Russell U.S. style indexes, the valuation dimension style indexes are created relative to a particular SSB size dimension index. 13 Thus the possible compositions of equity style indexes into an SSB Broad Market Index are shown as: ■ SSB Broad Market = SSB BMI Value + SSB BMI Growth; ■ SSB Broad Market = SSB Primary Market + SSB Extended Market; and ■ SSB Broad Market = SSB PMI Value + SSB PMI Growth +



SSB EMI Value + SSB EMI Growth. Exhibit 16.25 presents the coverage of the SSB Total Market Indexes including the size dimension breakdown for the Primary Market Index and for the Extended Market Index at March 2002. Exhibit 16.26 presents the valuation dimension breakdown within the Primary and Extended Market Indexes. 13



The similarities between the Russell indexes and the SSB indexes are not due to pure chance. Years ago, the SSB indexes were referred to as the Salomon-Russell Indexes and were maintained and provided by a joint venture between Salomon Brothers and The Frank Russell Company.
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Equity Style Index Conﬁgurations of the SSB Broad Market Indexes



FACTOR/SCREENING PORTFOLIOS While different in details, the methodologies employed in the equity style indexes presented in the previous sections share at least one general characteristic: they distinguish within a style dimension (size or valuation) by ranking on a variable or set of variables and assigning securities along the ranked dimension to style sub indexes. In some cases, the ranking variable is not exposed due to propriety concerns. In some cases, a single dimension is treated as two similar, but not exactly equal, dimensions, and securities are relatively ranked on both. In some cases, there are overlaps in the ranking dimension. And, in some other cases, there are exclusions from the middle portion of the dimension. Another methodology is employed by what some have called factor portfolios or factor indexes and others have call screening portfolios or screening indexes. The methodologies for creating these equity style index alternatives tend to focus on using exemplary attributes of the particular style to screen securities from a broad universe into or out of the style index. Two commercially available examples of these style index alternatives are presented in this section.
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Primary Market Index



57



47



7 6 14 17



6



2



8 3 34



89



5



2 52 39



33 134 1,008



31



# Issues



27,473



2,432 12,439 15,595 20,795



335 2,089 2,216



615 8,752



2,332



1,447 100,843



641 14,280 38,502



7,523 104,200 565,257



21,700



Total Cap (US$M)



6



27 35



115



101



21 201



74 140



142



148



60 195 27



108



1 40 280



68



41



Min Cap (US$M)



Extended Market Index



2,242



1,341



513 693 1,888 4,814



194 1,144



427 265 1,350



10,279



324



584 3,485



360



3,844



592 8,397



3,331



Max Cap (US$M)
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Venezuela



United States



Thailand Turkey United Kingdom



Taiwan



5



2,730



11,562,279



1,906,363



2,988



568



604,522 291,913



29,806 19,475



143 226



Switzerland



232,009 303,392 185,098



Total Cap (US$M)



136



11



10



47 96 154 114



6



2 61



Min Cap (US$M)



Broad Market Index



35 23



160 79 124



Spain Sweden



South Korea



# Issues



EXHIBIT 16.25 (Continued)



1,737



294,106



3,263 2,241 179,283



40,633



38,734 15,378 112,335



42,408



Max Cap (US$M)



3



349



22 11 69



74



11 29 12



46



# Issues



183



2,387



8,735,093



1,449,296



24,317 15,298



248



54



31



268 746



9,704 466



136,182 457,752 235,246



18 2,642



Min Cap (US$M)



188,278 205,403



Total Cap (US$M)



Primary Market Index



1,737



294,106



179,283



3,263 2,241



112,335 40,633



15,378



42,408 38,734



Max Cap (US$M)



2



2,639



499



13 12



131 152



95



114 68



# Issues



343



2,827,186



5,489 4,178 457,067



56,667



48,916 146,770



97,989



43,731



Total Cap (US$M)



136



11



96 154 114 10



6 47



61



2



Min Cap (US$M)



Extended Market Index



208



9,462



11,400



852 632



12,134 1,652



2,130 6,676 2,986



Max Cap (US$M)
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SSB Valuation Dimension Equity Style Index Coverage,



March 2002 PMI Value Index # Issues



Total Cap (US$M)



PMI Growth Index



Min Max Cap Cap # (US$M) (US$M) Issues



Total Cap (US$M)



Min Max Cap Cap (US$M) (US$M)



Australia



31



244,940



2,075



31,312



32



273,811



667



Austria



18



22,780



18



3,930



13



16,615



287



33,240 3,569



Belgium/lux



14



127,657



2,354



25,366



8



85,177



5,135



25,366



Canada



23,558



52



337,561



80



23,558



59



379,866



80



Czech Republic



3



6,554



1,735



2,920



2



4,655



1,735



2,920



Denmark



8



37,863



801



13,149



12



54,428



801



13,149



Finland



3



69,946



2,487



57,534



1



France



29



620,358



17



105,130



25



519,742



17



105,130



Germany



21



437,204



107



50,597



18



428,605



1,177



50,597



Greece



24



45,911



213



7,620



21



31,800



135



4,603



Hong Kong



25



203,875



1,683



32,246



13



176,153



1,742



54,995



Ireland



57,534 57,534



57,534



5



39,459



2,477



12,533



4



19,874



2,477



8,710



Italy



31



326,637



41



60,452



27



350,858



95



60,452



Japan



92,630 160



1,456,248



316



117,837



334,388



6,278



109,489



179



1,320,577



316



Netherlands



11



338,163



6,278



New Zealand



12



12,652



111



4,669



9



9,892



203



4,669



Norway



16



38,496



170



13,092



19



56,320



170



18,817



Portugal



109,489



11



5



23,133



2,644



7,986



6



26,433



317



8,791



Singapore



12



58,320



771



11,381



15



75,121



558



13,623



South Korea



42



152,788



18



42,408



32



159,630



18



42,408



Spain



10



202,761



8,047



38,734



7



146,911



2,642



38,734



Sweden



24



107,381



183



15,378



9



51,918



529



14,547



Switzerland United Kingdom United States



8



368,883



9,704



112,335



10



432,664



9,899



112,335



54



1,239,357



134



179,283



57



1,327,611



31



179,283



284



7,264,047



54



294,106 231



6,246,311



54



294,106



Prudential Securities Equity Style Indexes As noted by Brown and Mott, Prudential Securities, Inc. (PSI) created a set of broadly based U.S. market equity style indexes “to address some problems it saw in some other style indexes.”14 These included indexes created along the size dimension and the valuation dimension. The indexes are based on securities available in the top 45 percentiles of the Compustat 14



See Brown and Mott, “Understanding the Differences and Similarities of Equity Style Indexes.”
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universe. The PSI Large Cap Index is the combination of the PSI Large Cap Value and the PSI Large Cap Growth Index. The PSI Mid Cap Index is the combination of the PSI Mid Cap Value and the PSI Mid Cap Growth Index. The PSI Small Cap Index is the combination of the PSI Small Cap Value and the PSI Small Cap Growth Index. The Large Cap, Mid Cap and Small Cap Indexes are drawn from slightly overlapping percentiles of the Compustat universe. The Growth Indexes factor in securities with higher historical sales growth, higher I/B/E/S forecast growth rate, lower dividend payout and lower debt-to-capital ratios. The Value Indexes factor in securities with lower normalized P/E, and (for dividend paying companies) have an additional screen for sustainability of dividend payouts. EXHIBIT 16.26 (Continued) EMI Value Index # Issues



Total Cap (US$M)



Australia 104 69,484 Austria 11 3,238 Belgium/lux 27 19,254 Canada 186 102,143 Czech Republic 2 535 Denmark 30 14,340 Finland 53 45,845 France 126 211,776 Germany 136 185,922 Greece 50 10,819 Hong Kong 107 63,377 Ireland 27 19,523 Italy 102 80,898 Japan 797 419,544 Netherlands 76 85,437 New Zealand 5 1,647 Norway 27 6,230 Portugal 12 10,937 Singapore 40 16,733 South Korea 107 41,624 Spain 55 81,889 Sweden 65 36,952 Switzerland 110 117,443 United Kingdom 361 362,006 United States 2,024 2,183,266



EMI Growth Index



Min Max Cap Cap # (US$M) (US$M) Issues 32 12 115 0 238 76 55 32 22 8 35 41 2 40 27 169 74 126 35 2 95 6 47 20 11



Total Cap (US$M)



3,407 99 71,595 538 15 4,079 2,117 27 18,320 2,732 186 87,357 297 2 535 2,982 28 17,644 10,533 52 40,377 12,446 155 219,992 9,362 140 165,944 708 45 11,277 3,150 99 66,042 3,331 24 15,819 8,397 108 85,863 3,844 779 453,402 10,279 54 74,126 427 7 1,905 534 22 6,512 1,888 12 11,250 1,163 43 20,283 2,130 90 34,840 6,676 52 78,204 1,793 73 33,179 12,134 74 98,802 11,400 394 344,920 8,496 2,041 2,153,960



Min Max Cap Cap (US$M) (US$M) 64 12 96 2 238 76 49 32 22 17 35 41 1 40 27 148 76 115 69 3 61 6 53 10 11



3,721 538 2,117 2,668 297 2,982 10,533 12,446 9,362 708 3,150 2,785 8,397 3,844 10,279 411 1,350 1,888 1,341 2,130 5,416 2,986 12,134 11,400 9,462
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It is hard to visually characterize the breakdown of the PSI equity style indexes within the broad universe of the top 45 Compustat percentiles. This is because there is overlap between the size indexes and because the inclusion screens used to select securities into the valuation dimension indexes are not linear along a ranked dimension. However, a review of the correlations of the various style indexes in Exhibit 16.27 provides some useful insights into the breakdowns. Almost across the board, the valuation indexes are relatively more highly correlated than the size indexes (outlined in the correlation matrix). For instance, the correlation between Large Cap Value and the Large Cap Growth is 0.752. The correlations of Large Cap Value within the block of value indexes are all higher (Large Value and Mid Cap Value is 0.896, Large Value and Small Value is 0.789); and the correlations of Large Cap Growth within the block of growth indexes are all higher (Large Growth and Mid Cap Growth is 0.923, Large Growth and Small Growth is 0.865). This relationship holds for all but the Small Cap group, where the correlation between Small Value and Large Value is lower than the correlation between Small Value and Small Growth; and the correlation between Small Growth and Large Growth is also lower then the correlation between Small Value and Small Growth.



Wilshire Target Indexes



Wilshire provides a set of equity style-oriented screening indexes as well as the standard equity style indexes presented earlier. 15 The style-oriented screening indexes are called the Wilshire Target Indexes.16 Wilshire markets these indexes as appropriate for investors who want to passively invest in value and growth styles. They speciﬁcally mention that, due to the concentrated makeup of these indexes, they are not necessarily appropriate as performance measurement benchmarks for equity style investment managers. 15



Access to index data and detailed information for the Wilshire Target Indexes can be found at the Wilshire Target Indexes Web site (http://www.wilshire.com/Indexes/ Target/). The Wilshire Target Index data used in the analyses presented in this paper were accessed as part of a subscription service included with the Zephyr Associates Style Advisor software. Information about Zephyr Associates, the Style Advisor software, and index data available for use with the Style Advisor software can be found at the Zephyr Associates Web site (http://www.styleadvisor.com). 16 The indexes that Wilshire now calls the Wilshire Target Indexes were originally called the Wilshire Style Indexes. The indexes that Wilshire now calls the Wilshire Style Indexes were originally called the Wilshire Quantum Style Indexes. In the Brown and Mott chapter, the Wilshire Style Indexes to which they refer are the Wilshire Target Indexes.
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EXHIBIT 16.27



Prudential Equity Style Index Correlations, January 1979–March 2002



Large Cap Value Large Cap Growth Mid Cap Value Mid Cap Growth Small Cap Value Small Cap Growth



EXHIBIT 16.28



Large Cap Value



Large Cap Growth



Mid Cap Value



Mid Cap Growth



Small Cap Value



Small Cap Growth



1.000 0.752 0.896 0.701 0.789 0.640



1.000 0.727 0.923 0.742 0.865



1.000 0.781 0.936 0.761



1.000 0.841 0.967



1.000 0.869



1.000



Wilshire Target Index Correlations, January 1979–March 2002



Large Cap Value Large Cap Growth Mid Cap Value Mid Cap Growth Small Cap Value Small Cap Growth



Large Cap Value



Large Cap Growth



Mid Cap Value



Mid Cap Growth



Small Cap Value



Small Cap Growth



1.000 0.758 0.887 0.755 0.597 0.672



1.000 0.686 0.883 0.467 0.844



1.000 0.794 0.638 0.729



1.000 0.527 0.971



1.000 0.489



1.000



The Wilshire Target Indexes are built up from the largest 2500 securities from the Wilshire 5000 universe, excluding REITs and limited partnerships. In the size dimension, there are three divisions for Large Cap, Mid Cap and Small Cap Indexes. These are, respectively, the largest 750 securities, the 501st to the 1,250th securities, and the smallest 1,750 securities from the 2,500 security universe. Note that the Mid Cap Index overlaps with the Large Cap and the Small Cap Index. In the valuation process, each of the size dimension indexes is screened for exclusion from the corresponding value and growth indexes. For the value indexes, stocks with high relative P/E ratios, high relative P/B ratios and relatively low dividend yields are excluded. For the growth indexes, stocks with low relative sales growth, low relative ROE and relatively high dividend payouts are excluded. As with the PSI screening indexes, it is hard to visually represent the breakdown of the Wilshire Target Indexes within the full universe. Exhibit 16.28 presents the correlation matrix for the Wilshire Target Indexes. For the most part, as with the PSI screening indexes, there are higher correlations within the valuation blocks than within size blocks. Note that the same correlation block delineation scheme is used in this
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correlation matrix as was used in the PSI correlation matrix. A difference can be seen in all correlations involving the Small Value Index; i.e., relatively low correlations with all of the other indexes. Exhibit 16.29 presents the cross-correlations (i.e., cross-index style correlations) between the PSI, the Wilshire Target and the S&P/BARRA equity style indexes. The ﬁrst column presents the style correlations between the S&P/BARRA and the PSI style indexes, the second column presents the style correlations between the S&P/BARRA and the Wilshire Target Indexes, and the third column presents the style correlations between the PSI style indexes and the Wilshire Target Indexes. All correlations are for the common time period January 1994 to March 2002. This exhibit shows that cross-correlations between similar equity style indexes are very high, despite the different methodologies. The high cross-correlations presented in Exhibit 16.29 indicate that the variation in returns of the various equity style indexes will be similar. However, this does not mean that the variations in the methodologies will not have an impact on comparisons and analyses using the different sets of style indexes. The impact of the methodology differences on analyses can be illustrated with returns-based style analyses of a common portfolio within each of the different sets of style indexes. In returns-based style analysis, the return series of a portfolio is regressed against the return series of known style indexes. The exposure of the variations in the portfolio’s return series to variations in the style indexes’ return series is measured by regression coefﬁcients. In this manner, the style breakdown of a portfolio can be represented as the exposures to the various style indexes.17 EXHIBIT 16.29



S&P/BARRA, PSI and Wilshire Target Index Cross-Correlations, January 1994–March 2002



Large Value Large Growth Mid Value Mid Growth Small Value Small Growth 17



S&P/BARRA and PSI



S&P/BARRA and Wilshire Target



PSI and Wilshire Target



0.939 0.939 0.964 0.924 0.946 0.913



0.939 0.985 0.928 0.905 0.874 0.956



0.948 0.959 0.928 0.902 0.843 0.925



The equity style analyses presented in this chapter were performed using the Zephyr Associates StyleAdvisor software. Information about Zephyr Associates and the Style Advisor software can be found at the Zephyr Associates Web site (http:// www.styleadvisor.com). For a full description of returns-based style analysis, see Chapters 1, 3, 4, and 19 in this book.



An Analysis of U.S. and Non-U.S. Equity Style Index Methodologies



397



EXHIBIT 16.30



Equity Style Graph of S&P 1500 within the S&P/BARRA Style Indexes, January 1994–March 2002 (Rolling 36-Month Window)



EXHIBIT 16.31



Equity Style Graph of S&P 1500 within the PSI Style Indexes, January 1994–March 2002 (Rolling 36-Month Window)



Exhibits 16.30, 16.31, and 16.32 present equity style graphs for the S&P 1500 Index based on the S&P/BARRA style indexes, the PSI style indexes and the Wilshire Target Indexes, respectively. The equity style graphs plot the exposure of a portfolio with valuation (Value and
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Growth) on the horizontal axis and the size (Large Cap, Mid Cap and Small Cap) on the vertical axis, using a rolling 36-month window (plotted monthly). By comparing these equity style graphs, we can clearly see that even the highly correlated style index sets can produce different analyses. In Exhibit 16.30, using the S&P/BARRA style indexes, the S&P 1500 Index is shown to be very large on the size scale and relatively neutral on the valuation scale. Within the size dimension, large capitalization exposure averaged 86% of the explained variation in returns over the period measured. Within the valuation dimension, value exposure averaged 48% and growth exposure averaged 52%. In Exhibit 16.31, using the PSI style indexes, the S&P 1500 is shown to be even larger on the size scale, and relatively value-oriented on the valuation scale (although it appears to be moving toward valuation neutrality over time). Within the size dimension, large capitalization exposure averaged 99% over the period measured. Within the valuation dimension, value exposure averaged 58% and growth exposure averaged 42%. In Exhibit 16.32, using the Wilshire Target Indexes, the S&P 1500 is shown to be very large on the size scale and relatively growthoriented on the valuation scale. Within the size dimension, large capitalization exposure averaged 88% over the period measured. Within the valuation dimension, value exposure averaged 37% and growth exposure averaged 63%. EXHIBIT 16.32



Equity Style Graph of S&P 1500 within the Wilshire Target Indexes, January 1994–March 2002 (Rolling 36-Month Window)
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EXHIBIT 16.33 Equity Style Graph of Russell 3000 within the Russell Style Indexes, January 1979–March 2002 (Rolling 36-Month Window)



INDEX COMPARISONS The comparisons displayed in the previous section can be of general use in determining the effects of variations in equity style index methodologies on analyses using different sets of style indexes. This section details some similar analyses using the standard, commercially available equity style indexes presented in this chapter.



U.S. Market Comparison As shown in this chapter, within the U.S. market, the commercially available equity style indexes span a fairly broad spectrum in terms of variation in index creation methodologies. As shown in the previous section, even though the indexes are highly correlated, the differences in methodologies provided some very apparent differences in analyses. This variation can also be shown within the more standard equity style indexes. Exhibits 16.33, 16.34, and 16.35 present equity style graphs for the Russell 3000 Index based on the Russell U.S. style indexes, the DJGI U.S. style indexes and the SSB U.S. style indexes, respectively. These graphs show the Russell 3000 Index analyzed over rolling 36-month windows. Exhibit 16.33 shows fairly consistent exposure of the Russell 3000 Index to the Russell style indexes. Within the size dimension, large capitalization exposure averaged 89% of the explained variation in returns over the period measured, and within the valuation dimension,
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value exposure averaged 49% and growth exposure averaged 51%. Exhibit 16.34 shows a very different exposure (with much more variation in the exposure proﬁle over time) when analyzing versus the DJGI U.S. style indexes. Here, within the size dimension, large capitalization exposure averaged 67% over the period measured, and within the valuation dimension, value exposure averaged 50% and growth exposure averaged 50%, with much variation in the exposure proﬁle over time. Exhibit 16.35 shows yet another varying proﬁle using the SSB U.S. style indexes. Here, within the size dimension, large capitalization exposure averaged 80% over the period measured. This indicates more varied exposure in the size dimension than that presented using the Russell style indexes. Within the valuation dimension, value exposure averaged 50% and growth exposure averaged 50%.



Japanese Market Comparison The equity style analysis variation using different index sets is not just apparent within the U.S. markets. The example presented below is for the Japanese market. For two dimensions (valuation and size), returnsbased style analysis is somewhat limited. Only MSCI and SSB provide index sets in both dimensions. These particular analyses are limited even further because data were available for the MSCI Small Cap Index series only starting in January 2001. EXHIBIT 16.34



Equity Style Graph of Russell 3000 within the DJGI U.S. Style Indexes, January 1980–March 2002 (Rolling 36-Month Window)
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EXHIBIT 16.35



Equity Style Graph of Russell 3000 within the SSB U.S. Style Indexes, January 1990–March 2002 (Rolling 36-Month Window)



EXHIBIT 16.36



Equity Style Plot of MSCI Japan within the MSCI Japan Style Indexes, January 2001–March 2002



Exhibit 16.36 presents an equity style graph for the MSCI Japan Index measured within the MSCI Japan style indexes. Here, the analysis spans a single 15-month period from January 2001 to March 2002. The graph shows a single exposure point that indicates 100% large capitalization exposure within the size dimension, and 51% value exposure and 49% growth exposure within the valuation dimension. From other
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examples of MSCI index analyses within corresponding MSCI style indexes, we can reasonably expect a very similar exposure pattern over time. Exhibit 16.37 presents an equity style graph for the MSCI Japan Index measured within the SSB Japan style indexes analyzed over rolling 36-month windows for the period from January 1992 to March 2002. Here, the analysis shows a more varied exposure in both the valuation and size dimensions than we would expect to see in an analysis using the MSCI style indexes over the same time period.



Europe-Paciﬁc Regional Markets Comparison Regional comparisons using style analysis present additional challenges in interpreting results. The challenges are due to the fact that there is an additional dimension: the breakdown of markets within the region. Just as there were variations in the size and valuation dimensions of style indexes, there are variations in the breakdown and weighting of various markets within regions. The speciﬁc impact of variations in this dimension is hard to display because of the additional dimension and because of the sheer number of variables involved. For example, a returns-based style analysis of Europe looking at market, valuation and size dimensions would require 56 equity style indexes (14 markets × 2 size dimensions × 2 valuation dimensions). EXHIBIT 16.37



Equity Style Plot of MSCI Japan within the SSB Japan Style Indexes, January 1992–March 2002 (Rolling 36-Month Window)
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EXHIBIT 16.38



Equity Style Plot of MSCI EAFE within the MSCI Regional Style Indexes, January 1992–March 2002 (Rolling 36-Month Window)



To simplify the comparison, the following analysis uses two regions (Europe and the Paciﬁc) as the indexes in the market dimension, and only the valuation dimension within regions. Exhibit 16.38 presents an equity style graph for the MSCI EAFE Index measured within the MSCI Europe and Paciﬁc Regional style indexes (value and growth style indexes only). Here, the analysis uses a rolling 36-month window over the period from January 1992 to March 2002. Within the market dimension, exposure averaged 58% of the explained variation in returns over the period measured to Europe and 42% to the Paciﬁc, and within the valuation dimension, value exposure averaged 50% and growth exposure averaged 50%. Exhibit 16.39 presents an equity style graph for the MSCI EAFE Index measured within the SSB Europe and Asia Paciﬁc Regional style indexes analyzed over the same period. Here, the analysis shows a similar exposure in the market dimension (60% to Europe and 40% to Asia Paciﬁc), and a more growth oriented exposure in the valuation dimension (41% exposure to value and 59% to growth).



Recent Commercial Index Developments There have been some developments in the methodology and coverage of commercially available equity style indexes that are worth noting since the publication of the second edition of this book. Essentially, these focus on the depth and breadth of coverage now available in non-U.S. markets. In the U.S., valuation style index coverage from Russell, S&P, and Wilshire has always been fairly broad. In addition, substantial market depth was provided because all of these vendors covered securities that
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ran well within the typical description of small capitalization securities. In non-U.S. markets, the ﬁeld of data provision was (and arguably still is) dominated by MSCI and its ubiquitous EAFE Index. Since MSCI historically targeted the largest 60% of market capitalization for inclusion in its indexes, analysts using these indexes were forced to focus on relatively larger international equities. This has been a cause of much concern on the part of both practitioners and academics doing research in this area. Several recent developments have led to an increase in the depth of coverage for global/international style analytics. First, broader acceptance and usage of the Dow Jones Global and the Salomon Smith Barney Global Equity Indexes has provided access to the deeper capitalization range coverage provided by these vendors. Second, an expansion in the coverage of the MSCI Small Capitalization Indexes (from a range of between US$200 million and US$800 million to a range of between US$200 million and US$1.5 billion) has provided deeper MSCI index coverage within the securities available in the full MSCI research universe. However, I note that this change clearly enhanced the coverage in the lower middle range of capitalization, rather than actually extending the depth of coverage. Third, MSCI recently changed their standard index methodology to use available free-ﬂoat adjusted market capitalization instead of full market capitalization for the weighting and inclusion of securities within the indexes. While the overall capitalization proﬁle of the indexes did not change (i.e., approximately 60% of the market capitalization of each market), the number of names included in the full research universe for the MSCI Indexes generally increased. EXHIBIT 16.39



Equity Style Plot of MSCI EAFE within the SSB Regional Style Indexes, January 1992–March 2002 (Rolling 36-Month Window)
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Finally, the universal time frequency for virtually all equity style indexes is monthly price and return data. This is the data frequency used in this chapter. Recently, a number of the commercial vendors discussed above have offered daily price and returns data to clients for an additional fee. At present, these data have a limited history, with 1992 or 1993 being the starting date for the daily returns ﬁles.



SUMMARY AND CONCLUSION The use of equity style indexes is a now routine part of the investment management process. The terminology and usage of equity style indexes have congealed around a common core. However, important variations in the details of the implementation methodologies have distinct impacts on the results of analyses using the different sets of equity style indexes. Today, equity style indexes vary along several dimensions: the size dimension, the valuation dimension and (in a multicountry analysis) the national market/regional markets dimension. A good understanding of the impact of variations in each of the dimensions encompassed by a set of equity style indexes is required to accurately interpret the results of analysis using the style indexes. It is hoped that the data and discussion provided in this chapter will aid analysts and investors in this process.



CHAPTER



17



Country-Level Equity Style Timing Clifford Asness, Ph.D. Managing Principal AQR Capital Management, LLC Robert Krail Principal AQR Capital Management, LLC John Liew, Ph.D. Principal AQR Capital Management, LLC



large body of research supports the efﬁcacy of value strategies in many different markets. Fama and French,1 Lakonishok, Schleifer, and Vishny2 among others, show that simple measures of value such as the book-to-price ratio explain signiﬁcant cross-sectional differences in expected returns among U.S. stocks. Capaul, Rowley, and Sharpe,3



A



1



Eugene F. Fama and Kenneth French, “The Cross-Section of Expected Stock Returns,” Journal of Finance, 47 (1992), pp. 427–465, and Eugene F. Fama and Kenneth French, “Common Risk Factors in the Returns on Stocks and Bonds,” Journal of Financial Economics, 33 (1993), pp. 3–56. 2 Josef Lakonishok, Andrei Shleifer, and Robert W. Vishny, “Contrarian Investment, Extrapolation, and Risk,” Journal of Finance, 49 (1994), pp. 1541–1578. 3 Carlo Capaul, Ian Rowley, and William Sharpe, “International Value and Growth Stock Returns,” Financial Analysts Journal, 50 (1993), pp. 27–36. We would like to thank Lars Nielsen for valuable comments and suggestions.
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Fama and French,4 Arshanapalli, Coggin, and Doukas5 and others show that the same types of value measures also explain signiﬁcant cross-sectional differences in expected returns among stocks within international equity markets. Asness, Liew, and Stevens6 apply the same techniques to examining differences in expected returns among country equity indexes and ﬁnd strikingly similar results. The abundance of evidence in favor of value strategies in so many different markets suggests that valuation measures explain real differences in expected returns across stocks and that the ﬁndings are not simply the result of data mining or statistical coincidence. Asness, Friedman, Krail, and Liew,7 and Cohen, Polk, and Vuoltreenaho8 continue this line of research and examine time variation in the value premium for U.S. stocks. They examine the forecasting ability of the value spread, a simple indicator based on the spread in valuation between value stocks and growth stocks. By deﬁnition, value stocks are always priced cheaper than growth stocks. The value spread measures time variation in the degree of cheapness. Both of the above papers ﬁnd that this indicator has strong predictive ability. When the value spread is higher, which indicates that value stocks are relatively cheaper than normal versus growth stocks, subsequent outperformance of value stocks is larger. Asness, Friedman, Krail, and Liew ﬁnd that the value spread explains as much as 25% of the variation in the following year’s return differences between value stocks and growth stocks.9 This chapter examines evidence of time variation in the expected return to a value strategy among country equity indexes. We ﬁnd that the evidence for countries again parallels the evidence for U.S. stocks. Time variation in the spread in valuation between value countries and growth countries (a country version of the value spread) explains over 20% of the variation in the following year’s return differences between value countries and growth countries and over 40% of the variation in the sub4



Eugene F. Fama and Kenneth French, “Value versus Growth: The International Evidence,” Journal of Finance, 53 (1998), pp. 1975–1999. 5 Bala Arshanapalli, T. Daniel Coggin, and John Doukas, “Multifactor Asset Pricing Analysis of International Value Investment Strategies,” Journal of Portfolio Management, 24 (Summer 1998), pp. 10–23. 6 Clifford Asness, John Liew, and Ross Stevens, “Parallels Between the Cross-Sectional Predictability of Stock and Country Returns,” Journal of Portfolio Management, 23 (Spring 1997), pp. 79–87. 7 Clifford Asness, Jacques Friedman, Robert Krail, and John Liew, “Style Timing: Value versus Growth,” Journal of Portfolio Management, 26 (Spring 2000), pp. 50–60. 8 R. Cohen, C. Polk, and T. Vuolteenaho, “The Value Spread,” forthcoming in Journal of Finance. 9 Asness, Friedman, Krail, and Liew, “Style Timing: Value versus Growth.”
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sequent three-year return differences. Moreover, these results are strongly statistically and economically signiﬁcant. Our extension of Asness, Friedman, Krail, and Liew, and Cohen, Polk, and Vuolteenaho to country indexes reduces the chance that the predictive power of the value spread is simply the result of data mining. Essentially, this chapter is an out-of-sample test of the value spread’s forecasting efﬁcacy. These results suggest that the value spread for country equity indexes represents an important tool for global equity portfolio managers and asset allocators to use in varying the size of the value exposure they maintain through relative or absolute country level bets. The chapter is organized as follows. We ﬁrst review the predictive ability of a popular valuation measure, the book-to-price ratio, for forecasting differences in expected returns across country equity indexes. This section updates the results of Asness, Liew, and Stevens and shows that in the period subsequent to publication, value has continued to be a successful strategy for country selection.10 We then describe the construction of our value spread for country equity indexes and present the results of this measure’s predictive ability. The ﬁnal section summarizes our results.



VALUE FOR CHOOSING COUNTRIES In this section we describe our methodology for constructing value and growth baskets of countries and present results. Following other researchers cited above, we focus on book-to-price as our measure of valuation. We use data from Morgan Stanley Capital International (MSCI), from which we obtain both book-to-price ratios and total returns for the 17 developed markets that we examine. We include Australia, Germany, Belgium, Canada, Denmark, Spain, France, Hong Kong, Italy, Japan, the Netherlands, Norway, Sweden, Singapore, Switzerland, the U.K., and the U.S. Of the 23 MSCI developed countries, we exclude Austria, Finland, Greece, Ireland, New Zealand, and Portugal due lack of sufﬁcient historical data. In order to construct value and growth baskets, we follow the methodology used in Asness, Liew, and Stevens. We rank each country on the basis of its B/P ratio at the end of each month and group the countries into three portfolios. The six countries with the highest B/P ratios form the value portfolio, the middle ﬁve B/P ratio countries go into the middle portfolio, and the six countries with the lowest B/P ratios go into the 10
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growth portfolio. The country equity indexes within each portfolio are equally weighted and these portfolios are rebalanced at the end of every month starting in January 1975 and ending in February 2002. Our results are not sensitive to the speciﬁc methodology used here to construct value and growth portfolios. Exhibit 17.1 shows the performance of each of these three portfolios as well as the difference between the value and growth portfolio. Following Fama and French, we call the return spread between high B/P countries and low B/P countries HML.11 The total return for each country index is fully hedged into U.S. dollars assuming that we hedge the currency exposure using FX forwards which we rebalance once per month. Note that hedged returns have the beneﬁt of isolating value’s predictability of local equity market returns from any predictability of the countries’ currency. In addition, unlike a portfolio return constructed from a weighted average of local market returns, a portfolio of hedged returns is actually achievable (gross of transactions costs). EXHIBIT 17.1 Tri-Tile Portfolios Sorted on Book-to-Market Ratios Monthly Excess Returns, January 1975–February 2002 High B/P (Value)



Med B/P



Low B/P (Growth)



High minus Low (HML)



Average Annual Excess Return Annualized Standard Deviation t-Statistic Sharpe Ratio



10.3% 14.8% 3.60 0.70



7.0% 15.1% 2.36 0.46



5.6% 16.1% 1.81 0.35



4.7% 11.3% 2.12 0.41



Skewness Kurtosis



−0.66 3.64



−0.63 2.32



−1.53 8.40



0.22 0.50



−22.0% −31.4%



−20.9% −37.4%



−32.5% −41.2%



−8.4% −37.5%



14.7% 52.3%



14.5% 56.7%



12.4% 46.9%



10.5% 44.1%



Worst Month Worst 12-Months Best Month Best 12-Months



11
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EXHIBIT 17.2 Cumulative Excess Returns of Value Countries minus Growth Countries (HML), January 1975–February 2002



Conﬁrming the results of Asness, Liew, and Stevens, we ﬁnd high B/P (value) countries outperform low B/P (growth) countries over this period. The difference between the value countries and the growth countries (HML) produces an average annualized return of 4.7% with a t-statistic of 2.12. Also, a portfolio of value countries appears to be less negatively skewed and less kurtotic than a portfolio of growth countries. While they have similar best months, the value portfolio has much less extreme worst months than the growth portfolio. Exhibit 17.2 shows the cumulative monthly excess returns of HML (long value countries, short growth countries) over our sample period. The HML portfolio can be interpreted either as the excess returns over cash to a long-short hedge fund which pursues a simple dynamic trading strategy (based on country-level B/P) or as the excess returns over the benchmark to a long-only portfolio where the manager pursues the same strategy to overweight and underweight country exposures versus a benchmark. Note that the data in Asness, Liew, and Stevens ends in December 1994 and since then the performance of the country HML strategy has held up very nicely in a true out-of-sample test.
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COUNTRY-LEVEL TIMING Given the abundance of evidence supporting the existence of a value premium, a natural next question is whether there exists predictable time-variation in that premium. In other words, are there times when the value premium (the expected returns of value stocks versus growth stocks) is conditionally higher and times when it is conditionally lower? Asness, Friedman, Krail, and Liew, and Cohen, Polk, and Vuolteenaho address this question for value and growth stocks within the U.S. Using the classic Gordon dividend discount model as a framework for modeling expected returns, these papers argue that the spread in valuation between value stocks and growth stocks and the spread in long-term forecasted earnings growth should explain time-variation in the value premium. Both papers present evidence that these indicators do in fact have power to forecast time variation in the expected return to a value strategy among U.S. stocks. Here we extend these results by examining the value spread for country equity indexes. We leave it to future work (and better data sources) to investigate a similar extension for the spread in long-term forecasted earnings growth. Our measure of the value spread for country equity indexes is simply the ratio of the average B/P of the countries in the value portfolio (highest six B/P countries) to the average B/P of the countries in the growth portfolio (lowest six B/P countries). Alternatively, ignoring convexity issues, one can interpret our value spread as the ratio of the price-to-book of growth countries to that of value countries. For example, a value spread of 2.0 can be interpreted as investors paying double per dollar of book value for growth versus value countries. Exhibit 17.3 presents a time-series graph of the B/P ratio of the value and growth country portfolios as well as the value spread, the ratio of the B/P’s for the two portfolios. Note that the country value spread gets as high as 3.6 in the early 1980’s to as low as 1.4 in the mid1990s and averages about 2.0. Currently the country value spread is at 1.6, which puts it in the lower quartile of attractiveness over our sample period. Exhibit 17.4 presents time series regressions of the difference in returns to the high vs. low B/P country portfolios over both the next 12months and 36-months on the current level of the country value spread. Other studies and this chapter show that (unconditionally) the expected return of a dynamic portfolio that is long value countries and short growth countries is strongly positive. The regressions in Exhibit 17.4 forecast the conditional expected return of this dynamic strategy. Note that the regressions use the difference between the returns over the next 12 and 36 months of the portfolio of the top six B/P country indexes (value countries) and the bottom six B/P country indexes (growth countries) at the time of the ranking. These returns are not those of the HML strategy, which is rebalanced every month.
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EXHIBIT 17.3 Value B/P, Growth B/P, and the Ratio of Value to Growth B/Ps January 1975–February 2002



EXHIBIT 17.4 Predictive Regressions of Value Countries minus Growth Countries (HML) on the Value Spread, 12-Month and 36-Month Returns, January 1975– February 2002, HML = Alpha + Beta * Value Spread Alpha



Beta



12-Month Returns Coefﬁcient t-statistic* R-squared



−0.20 (−2.79) 21%



0.12 (3.52)



36-Month Returns Coefﬁcient t-statistic* R-squared



−0.43 (−5.71) 43%



0.30 (7.21)



*t-statistics are adjusted for serial correlation of a general MA(11) and MA(35) form for the 12- and 36-month regressions, respectively.



The regressions are consistent with the results presented by Asness, Friedman, Krail, and Liew, and Cohen, Polk, and Vuolteenaho for U.S. stocks. We ﬁnd that the country value spread does a good job of forecasting the difference in returns between value countries and growth countries. The country value spread explains 21% of the variation in the following year’s return differences between value countries and growth countries and 43% of the variation in the subsequent three-year
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EXHIBIT 17.5A
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return differences. Both regressions are statistically signiﬁcant with tstatistics of 3.52 on the value spread coefﬁcient in the 12-month regression and 7.21 in the 36-month regression. Exhibit 17.5a and 17.5b show time series graphs of the next 12 and 36 months cumulative return difference between value and growth countries along with the beginning of period country value spread. The country value spread does a good job in capturing variation in the next 12-months return difference and an excellent job at capturing variation in the next 36-month return. At the 36-month horizon, the country value spread accurately forecasts almost every major move in prospective return differential between cheap and expensive countries. Exhibit 17.6 examines the forecasting power of the country value spread a little further. We group the data into three types of environments by placing each month during the sample period into one of three equalsized groups: times when the country value spread is wide (high spread), times when the country value spread is about average (medium spread), and times when the country value spread is narrow (low spread). Given these three environments, we then look at the performance of value countries, growth countries and the difference between value countries and growth countries in the subsequent 12-months and 36-months. 12-Month Ahead Value Countries minus Growth Countries versus Current Value Spread, January 1976–February 2002
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EXHIBIT 17.5B



36-Month Ahead Value Countries minus Growth Countries versus Current Value Spread, January 1976–February 2002



The results support the regressions reported in Exhibit 17.4 and the graphs shown in Exhibits 17.5a and 17.5b. When the country value spread is high (top third versus history), value countries on average outperform growth countries by a truly large amount, 10.1% in the next 12-months and 30.8% in the next 36-months. On the other hand, when the country value spread is lowest (bottom third vs. history) value countries only outperform growth countries by 0.2% in the next 12-months and 6.6% in the next 36-months.



SUMMARY AND CONCLUSION Other studies ﬁnd that value stocks and value countries both, on average, outperform their growth counterparts. Other studies also ﬁnd that measures of the value spread forecast conditional variation in the expected returns for a value strategy among U.S. stocks. This chapter ﬁlls in the obvious missing test. We ﬁnd that a simple measure of the value spread for country equity indexes reliably forecasts conditional variation in the expected returns for a value strategy used for country selection.



416 7.2% −31.4% 52.3%



11.6% −20.7% 45.8%



1.4× to 1.7×



Low Spread Average Worst Best



14.4% −8.9% 38.4%



1.7× to 2.2×



2.2× to 3.5×



Value Portfolio (High B/P)



Medium Spread Average Worst Best



High Spread Average Worst Best



Value Spread Range



11.4% −25.6% 46.9%



0.0% −37.3% 33.2%



4.3% −41.2% 34.4%



Growth Portfolio (Low B/P)



Next 12-Months



0.2% −37.5% 20.3%



7.2% −25.6% 41.0%



10.1% −21.9% 42.0%



Value Minus Growth



33.5% −8.4% 67.4%



35.0% −10.5% 106.1%



45.6% 0.1% 96.8%



Value Portfolio (High B/P)



26.9% −32.6% 70.0%



18.1% −23.7% 59.2%



14.8% −25.7% 48.1%



Growth Portfolio (Low B/P)



Next 36-Months



EXHIBIT 17.6 Future Value, Growth, and Value Minus Growth Performance versus Current Value Spread Monthly Excess Returns, January 1975–February 2002



6.6% −28.1% 34.1%



16.9% −20.6% 57.0%



30.8% −25.2% 78.8%



Value Minus Growth
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This ﬁnding has two important implications. First, it enhances our conﬁdence that our prior work, and all the work we cite on value strategies, is not the result of data mining or statistical coincidence. Essentially, we provide yet another conﬁrming out-of-sample test. Second, it suggests that the value spread is a potentially important tool for global equity managers and asset allocators. When wider than normal, it indicates higher than normal expected returns to tilting towards relatively cheap countries.
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Value Investing and the January Effect: Some More International Evidence Bala Arshanapalli, Ph.D. Gallagher-Mills Chair in Finance Indiana University Northwest T. Daniel Coggin, Ph.D. Charlotte, North Carolina William Nelson, Ph.D. Associate Professor of Finance Indiana University Northwest



t has become widely accepted that investment style inﬂuences equity investment results in the United States. This chapter examines the impact of investment style on performance in international equity markets. Speciﬁcally, we concentrate on value investing in the 10 largest world equity markets. Value investing involves purchasing stocks whose prices are low compared to some measure of their underlying value, such as the P/E ratio, price-to-dividend ratio, price-to-book ratio, and cash ﬂow per share. Many previous studies have documented that, in the United States, value investment strategies outperform growth strategies and small cap investing outperforms large cap investing.1



I



1



For a representative list of citations, see Bala Arshanapalli, T. Daniel Coggin, and John Doukas, “Multifactor Pricing Analysis of International Value Investment Strategies,” Journal of Portfolio Management, 24 (Summer 1998), pp. 10–23.
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A consensus explanation for these phenomena remains elusive. Fama and French argue that value strategies and small cap investing are riskier.2 As such, the superior returns associated with these strategies reﬂect added compensation for bearing risk. Other researchers ﬁnd both value and size premiums even after adjusting for risk.3 They attribute these premia to mispricing, and suggest that the market systematically places too low a price on small cap and value stocks. Some others have argued that these premia are a result of the choice of research strategy or are sample speciﬁc.4 These explanations have different theoretical and practical implications. From a theoretical perspective, if the premia to value and small cap result from mispricing, this represents a serious chink in the armor of the efﬁcient market paradigm. The most popular variant (semi-strong form) holds that stock prices reﬂect all publicly available information. Thus investors cannot use publicly available information to earn superior returns, since it is already discounted in the stock price. Since “value information” (e.g., price-to-book ratio) is publicly available, a value strategy’s superior performance refutes the efﬁcient market paradigm unless it reﬂects an added premium for risk. From a practical point of view, if the value premium reﬂects risk it is likely to persist in the future. If investors are willing to assume the risk, a value portfolio will continue to earn higher returns.5 If the premium exists because of some other explanation then, as suggested by Lo and MacKinlay, then it will likely disappear in the future.6 2



Eugene F. Fama and Kenneth R. French, “The Cross-Section of Expected Stock Returns,” Journal of Financial Economics, 47 (1992), pp. 427–465; Eugene F. Fama and Kenneth R. French, “Common Risk Factors in the Returns on Stocks and Bonds,” Journal of Finance Economics, 33 (1993), pp. 3–56; Eugene F. Fama and Kenneth R. French, “Size and Book-to-Market Factors in Earnings and Return,” Journal of Finance, 50 (1995), pp. 131–156; Eugene F. Fama and Kenneth R. French, “Multifactor Explanations of Asset Pricing Anomalies,” Journal of Finance, 51 (1996), pp. 55–84; and Eugene F. Fama and Kenneth R. French, “Value Versus Growth: The International Evidence,” Journal of Finance, 53 (1998), pp. 1975– 1999. 3 Josef Lakonishok, Andrei Shleifer, and Robert W. Vishny, “Contrarian Investment, Extrapolation and Risk,” Journal of Finance, 49 (1994), pp. 1541–1578; and Kent Daniel and Sheridan Titman, “Evidence on the Characteristics of Cross-Sectional Variation in Stock Returns,” Journal of Financial Economics, 52, (1997), pp. 1–33. 4 Rolf W. Banz and William Breen, “Sample Dependent Results Using Accounting and Market Data: Some Evidence,” Journal of Finance, 41 (1986), pp. 779–793; and Andrew W. Lo and A. Craig MacKinlay, “Data-Snooping Biases in Tests of Financial Asset Pricing Models,” Review of Financial Studies, 3 (1990), pp. 431–468. 5 See Kent Daniel and Sheridan Titman, “Characteristics or Covariances?,” Journal of Portfolio Management, 24 (Summer 1998), pp. 24-33 for a discussion. 6 Lo and MacKinlay, “Data-Snooping Biases in Tests of Financial Asset Pricing Models.”
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In weighing these explanations, we consider how these results relate to other countries. The major reason for studying investor style in an international context is that it provides researchers a source of “out-ofsample” (i.e., non-U.S.) data to investigate these issues.7 We shall focus on two central questions. The ﬁrst addresses the extent to which investment style inﬂuences international equity returns. In other words, we examine the nominal advantage of value investing. Speciﬁcally, we measure the observed premiums earned by value stocks over growth stocks in the 10 largest national stock markets. The second question focuses on the extent to which the investment risk associated with value stocks outweighs the risk of growth stocks. We provide a partial answer by including the Sharpe ratios of these strategies and by examining the relationship between the value premium and world equity market movements. Furthermore, if the value premium results from risk, there should be no seasonal pattern in the premium. Hence, we also investigate the “January effect” in the value premium. This refers to the prevalence of higher value premium in January than in other months. Finding a seasonal pattern in the value premium suggests that the premium may result from factors unrelated to risk (as usually deﬁned).8 Rozeff and Kinney found an investment in equal-weighted index of stocks performed substantially better in January.9 Other researchers substantiated and clariﬁed this January effect.10 By examining stocks in different size classes, they found the effect concentrated in small stocks. Thus, we consider another aspect of the January effect. We investigate the relationship between value premiums, ﬁrm size and the January effect. Some investigators have offered hints of this relationship. Davis found the January effect impacts the ability of value-type variables to explain stock returns.11 This occurred even after deleting small stocks. While there are some interesting hypotheses in the research cited here, as yet there is no generally accepted explanation for the January effect. 7 For prominent examples of this research, see Fama and French, “Value Versus Growth: The International Evidence,” and Arshanapalli, Coggin, and Doukas, “Multifactor Pricing Analysis of International Value Investment Strategies.” 8 See Robert A. Haugen and Josef Lakonishok, The Incredible January Effect (Homewood, IL: Dow Jones-Irwin, 1988) for a discussion. 9 Michael S. Rozeff and William R. Kinney, “Capital Market Seasonality: The Case of Stock Returns,” Journal of Financial Economics, 3 (1983), pp. 379–402. 10 For a list of relevant citations, see Haugen and Lakonishok, The Incredible January Effect. 11 James Davis, “The Cross-Section of Realized Stock Return: The Pre-Compustat Evidence,” Journal of Finance, 49 (1994), pp. 1579–1593.
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While several researchers have provided evidence that value investing outperforms growth investing in foreign (non-U.S.) equity markets, their samples and time periods were limited.12 Recently, more comprehensive studies have appeared. Umstead,13 Arshanapalli, Coggin, and Doukas,14 Arshanapalli, Coggin, Doukas, and Shea,15 Bauman, Conover, and Miller,16 and Fama and French17 found evidence of a worldwide value premium. Arshanapalli, Coggin, and Nelson documented a signiﬁcant January effect on the value premium for both U.S. and non-U.S. equities.18 This chapter extends and updates some of these empirical results.



DATA DESCRIPTION We use indexes derived from the MSCI (Morgan Stanley Capital International) database by Independence International Associates Inc. (IIA). Our analysis focuses on 10 largest stock markets in the world by market capitalization as of December 2001. As discussed below, these data include approximately 75% of the total equity market capitalization of each country throughout the sample period. The sample period includes monthly total returns for the period January 1975 through December 2001 (27 years/324 months). All returns are in U.S. dollars, and assume no transaction costs. For each market, IIA classiﬁes stocks as value or growth based upon their on their price-to-book ratio. The price is the end of the previous 12



Louis K.C. Chan, Yasushi Hamao, and Josef Lakonishok, “Fundamentals and Stock Returns in Japan,” Journal of Finance, 46 (1991), pp. 1793–1789; Carlo Capaul, Ian Rowley, and William F. Sharpe, “International Value and Growth Stock Returns,” Financial Analysis Journal 49 (1993), pp. 27–36. 13 David A. Umstead,. “International Equity Style Management,” in Robert A. Klein and Jess Lederman (editors), Equity Style Management (Chicago, IL: Irwin Professional Publishing, 1995). 14 Arshanapalli, Coggin, and Doukas, “Multifactor Pricing Analysis of International Value Investment Strategies.” 15 Bala Arshanapalli, T. Daniel Coggin, John Doukas, and H. David Shea, “The Dimensions of Value Investment Strategies,” Journal of Investing, 7 (Spring 1998), pp. 15–30. 16 W. Scott Bauman, C. Mitchell Conover, and Robert E. Miller. “Investor Overreaction in International Stock Markets, Journal of Portfolio Management, 25 (Summer 1999), pp. 102–111. 17 Fama and French, “Value Versus Growth: The International Evidence.” 18 Bala Arshanapalli, T. Daniel Coggin, and William Nelson, “The January Effect and the Global Value-Growth Premium,” forthcoming in Journal of Investing (2002).
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month security price and book value is the last reported book value. Lakonishok, Shleifer, and Vishny ﬁnd the book-to-market ratio as good as other measures in distinguishing value and growth stocks.19 The IIA methodology precedes as follows. First, stocks are ranked by their price-to-book ratio. Then the market capitalization is summed until half the total market capitalization is reached. The half of the capitalization with the lowest ratio constitutes the value index. The remainder constitutes the growth index. This procedure is carried out each January, employing the most recent data available to the investor at that time. Semiannual rebalancing began in 1996. This data set is free from survivorship bias. The database retains historical data for ﬁrms that disappear from the index. Thus the portfolio returns are computed for companies that were actually present in the MSCI database for each country as of the January rebalancing date of each year. The portfolio returns are computed as a capitalizationweighted average return of all the stocks included each month. The returns consist of monthly price changes plus dividends, measured in U.S. dollars and based on end-of-month exchange rates. IIA constructs small and large cap portfolios in a manner similar to the value and growth portfolios. All securities within a market are ordered by market capitalization. The selection and summing of the market capitalization then proceeds with the lower 30% of the total market capitalization designated as the small cap index and the remaining 70% of the market capitalization assigned to the large cap index.



THE VALUE-GROWTH SPREAD Exhibit 18.1 shows the annualized geometric mean of the monthly value–growth spread (alternatively called “the spread”) for 10 major stock markets for the period January 1975–December 2001. This spread is calculated by subtracting the return on the growth portfolio from the value portfolio for each country, for each month. The geometric mean of this series represents the spread. The value-growth spread is thus equivalent to a long position in the value index and a short position in the growth index, in equal dollar amounts, rebalanced monthly (with no transaction costs).
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EXHIBIT 18.1 Annualized National Value-Growth Return Spreads, January 1975– December 2001 Sharpe Ratio for Value



Sharpe Ratio for Growth



January Spread



Sharpe Ratio for January



0.039 0.026 −0.030 0.025 0.001 0.016 0.038 0.063 0.018 0.017



0.51 0.42 0.17 0.71 0.46 0.58 0.46 0.42 0.40 0.70



0.30 0.25 0.26 0.54 0.45 0.47 0.23 0.08 0.18 0.46



0.195* 0.089* 0.207* −0.002 −0.103 0.165* 0.051* 0.081* 0.183* 0.133*



1.11 0.18 1.05 −0.47 −1.05 0.81 −0.17 0.13 0.76 0.36
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France Germany Italy Netherlands Switzerland U.K. Australia Japan Canada U.S.



ValueGrowth Spread
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Note: Annualized returns in decimal form (multiply by 100 to obtain annual % return). *Denotes positive January effect (annualized January spread greater than annualized spread for full period).



Capaul, Rowley, and Sharpe offer four related interpretations of the value-growth spread.20 First, a positive (negative) spread represents the gain (loss) from holding value stocks instead of growth stocks. Second, it signiﬁes the gain (loss) from switching out of value and into growth stocks at the start of the period. Third, it may be considered the return on a value-growth swap. In this swap the investor trades his return on his growth portfolio for the return on another investor’s value portfolio. Finally, as we noted, it represents the return from holding an arbitrage portfolio formed by buying value stocks and short-selling growth stocks. Exhibit 18.1 shows a positive annualized value-growth spread in nine of the 10 major national equity markets, ranging from −0.030 (−3%) in Italy to 0.063 (6.3%) in Japan. Only in Italy was the spread negative. The U.S. spread was 0.018 (1.8%). While the numbers in Exhibit 18.1 may not seem large, note that they are annualized returns. Compounded over 27-year period, they can amount to a substantial advantage to value investing. Exhibit 18.1 suggests the value-growth spread during our sample period is at least as strong internationally as in the United States. In every other country except Italy and Switzerland the spread was more than (or at least approximately as large as) the U.S. spread. Admittedly, the spread in Switzerland is negligible (0.1% per year). In 20
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Australia, France, and Japan the spread was more than double the United States. The higher Sharpe ratios for the value portfolios (except in Italy, where the growth portfolio earned a higher return) suggest that the excess returns came without additional risk. Exhibit 18.1 also displays the impact of the January effect on the value-growth spread. In this chapter, we deﬁne the January effect as an average value-growth spread for the month of January that is larger than the average value-growth return spread for all months. Consistent with a this deﬁnition, the January spread exceeded the full-year spread in eight of the 10 national markets. Only is the Netherlands and Switzerland (the two countries with a negative January value-growth spread) did it fail to do so. In six of the eight countries (all except Australia and Japan), the January spread was more than three times the full-year return. Italy displayed the most potent January effect (21% per year), despite a negative value-growth spread for the full year. The positive Sharpe ratios for the January spread (except for the Netherlands, Switzerland, and Australia) indicates that it earned more than the risk-free return for the period. Fama and French21 and Arshanapalli, Coggin, and Doukas,22 using the data from 1975 to the mid-1990s, found a higher value premium than presented in this study. However, in the mid- to late 1990s, growth stocks generally outperformed value stocks (sometimes by a large margin). This diluted some of value stocks’ dominance. Furthermore, the value-growth strategies considered in this study classify all stocks in a national market as either value or growth. Fama and French adopt a more extreme value-growth strategy (classifying the lowest ranked 30% book-to market stock as growth and the highest 30% as value).23 This classiﬁcation may have also contributed to a larger value premium.



VALUE INVESTING AND WORLD MARKET MOVEMENTS In this section we will examine the relationship between value investing and world market movements.



World Market Movements So far we have seen that value investing outperformed growth investing and generally bore less risk per unit of return for the period 1975–2001. We also found a potent January effect on the value–growth spread. It is 21



Fama and French, “Value Versus Growth: The International Evidence.” Arshanapalli, Coggin, and Doukas, “Multifactor Pricing Analysis of International Value Investment Strategies.” 23 Fama and French, “Value Versus Growth: The International Evidence.” 22
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quite possible that the superior performance of value stocks merely reﬂects the general worldwide upward market trends during the period. Thus it might be argued that these up-market movements drove value stocks more than growth stocks. Consistent with this conjecture, DeBondt and Thaler24 and Chopra, Lakonishok, and Ritter25 ﬁnd that value portfolios in the United States have higher up-market betas that downmarket betas. To address this issue, we regressed the value-growth spreads on the excess returns of the capitalization-weighted world equity market. The world market index includes the United States, Canada and twenty other national equity markets. This regression model provides an estimate of the sensitivity of the value-growth spread to world equity market moves. If (positive) world market movements account for the superior performance of value stocks, the world market betas should be positive. Whereas negative betas would imply that the superior returns of value stocks are inversely related to market movements. Exhibit 18.2 presents the regression results using the value-growth spread as the dependent variable and the excess return on the world equity market portfolio as the independent variable. The time series regression equation estimated in Exhibit 18.2 is Rv – Rg = αi + βi (Rm – Rf) + eit



(1)



where Rv and Rg represent the monthly return on capitalization-weighted world value and world growth portfolios, respectively, Rv−Rg is the monthly world value–growth spread, Rm is the monthly capitalizationweighted world market return, and Rf is the six-month U.S. T-bill rate. The regression intercept is αi, the regression slope βi is the sensitivity to excess world equity market return, and eit is the zero-mean random error term. All R2s in this chapter are unadjusted for degrees of freedom. The regression results in Exhibit 18.2 do not support the conjecture that the superior returns to value investing may be accounted for by upward world market movements. In over half the markets (six), the signs of the betas are negative. In three of them (United States, Canada and Japan) the negative values are signiﬁcant at conventional levels. In three of the remaining four countries the positive values lack statistical signiﬁcance. Only in Switzerland is the beta statistically signiﬁcant. However, recall the value-growth spread in Switzerland is relatively small (only 0.1% per year). 24



Werner F. M. DeBondt, and Richard H. Thaler, “Does the Stock Market Overreact?,” Journal of Finance, 40 (1985), pp. 793–805. 25 Navin Chopra, Josef Lakonishok, and Jay R. Ritter, “Measuring Abnormal Performance: Do Stocks Overreact?” Journal of Financial Economics, 31 (1992), pp. 235–268.
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EXHIBIT 18.2 Monthly National Value-Growth Spreads and World Market Return, January 1975–December 2001 (Regression Model: Rv – Rg = αi + βi(Rm – Rf) + eit) αi U.S. Canada France Germany Italy Netherlands Switzerland U.K. Australia Japan



0.29* (2.01) 0.35 (1.45) 0.35 (1.91) 0.26 (1.70) 0.22 (1.24) −0.15 (−0.66) −0.01 (−0.06) 0.16 (1.09) 0.38* (2.05) 0.64* (3.25)



βi



R2



−0.17* (−5.17) −0.19* (−3.24) 0.04 (0.87) −0.02 (−0.51) 0.07 (1.52) −0.02 (−0.34) 0.13* (2.98) 0.01 (0.17) −0.02 (−0.54) −0.11* (−2.43)



0.05 0.03 0.00 0.00 0.01 0.00 0.03 0.00 0.00 0.02



Note: t-values in parentheses. *Denotes significant at 0.05 level or less.



Most of the intercepts in Exhibit 18.2 are not signiﬁcant at conventional levels. However the intercepts for the United States, Australia and Japan are signiﬁcant, indicating a signiﬁcant, positive risk-adjusted return to value after accounting for the world equity market. The R2 values are quite low for all countries. In summary, there is little indication that upward (positive) world market returns drive the value-growth spread.



World Market Movements and the January Effect Since we found a strong January effect for the nominal value-growth spread in Exhibit 18.1, perhaps the spread results from a combination of the world market movements and the January effect. To assess this possibility, we regressed the value-growth spreads on both the excess returns of the world equity market portfolio and a January dummy. If
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these factors in combination drive the spread, we would expect to ﬁnd both positive betas and a positive impact of the dummy variable. The time series regression equation estimated in Exhibit 18.3 is Rv – Rg = αi + βi (Rm − Rf) + κi J + eit



(2)



where J represents the January dummy and κ is its coefﬁcient. The January dummy equals one in January and zero in all other months. The remaining variables are the same as in equation (1).



EXHIBIT 18.3 Monthly National Value-Growth Spreads, World Market Return and January Dummy, January 1975–December 2001 (Regression Model: Rv − Rg = αi + βi (Rm − Rf) + κi J + eit)



U.S. Canada France Germany Italy Netherlands Switzerland U.K. Australia Japan



α



β



κ



R2



0.12 (0.79) 0.28 (1.14) 0.24 (1.27) 0.28 (1.72) −0.10 (−0.41) 0.13 (0.71) −0.03 (−0.17) 0.12 (0.75) 0.27 (1.44) 0.57* (2.81)



−0.15* (−4.30) −0.19* (−3.29) 0.03 (0.72) −0.02 (−0.49) −0.02 (−0.28) 0.06 (1.39) 0.13* (2.94) 0.00 (0.10) −0.03 (−0.68) −0.12* (−2.51)



1.66* (3.22) 0.78 (0.90) 1.36* (2.06) −0.18 (−0.31) −0.67 (−0.79) 1.11 (1.74) 0.28 (0.42) 0.58 (1.06) 1.28 (1.94) 0.80 (1.14)



0.08



Note: t-values in parentheses. *Denotes significant at 0.05 level or less.



0.03 0.02 0.00 0.00 0.02 0.03 0.00 0.01 0.02
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The regression results presented in Exhibit 18.3 provide little support for this conjecture. The results for the beta coefﬁcients are effectively unchanged changed from Exhibit 18.2. The January dummy obtains statistical signiﬁcance at conventional levels only in the United States and France. Only the intercept for Japan is signiﬁcant, indicating a signiﬁcant, positive risk-adjusted return to value after accounting for the world equity market and the month of January. Again, the R2s values are quite low.



VALUE INVESTING, WORLD MARKET MOVEMENTS, AND FIRM SIZE In this section we will examine the relationship between value investing, world market movements, and ﬁrm size.



World Market Movements and Firm Size Fama and French suggest that ﬁrm size may impact the value-growth spread.26 To evaluate this possibility, we performed a regression analysis using the value-growth spread as the dependent variable, and the excess world equity market return, and small stock minus large stock (smalllarge spread) as explanatory variables. If the superiority of value stocks over growth stocks results from a size effect, then the size coefﬁcient, γ, should be positive. The time series model estimated in Exhibit 18.4 is Rv – Rg = αi + βi(Rm – Rf) + γi(Rs – Rl) + eit



(3)



This represents a two-factor model where Rv – Rg and Rm – Rf are as before and Rs – Rl is the monthly world small-large spread (deﬁned as the monthly return difference between a capitalization-weighted portfolio of world small stocks and a capitalization-weighted portfolio of world large stocks). The regression intercept is αi; and βi and γi represent the factor sensitivities for the world equity market and the world small-large spread, respectively. The results in Exhibit 18.4, continues to show an inverse relationship between the value-growth spread and excess world market return. Just as before, in six countries the coefﬁcient is negative. In three of these countries (United States, Canada and Japan) the values are signiﬁcantly negative. Only in Switzerland (again, the country with a minis26



Fama and French, “Multifactor Explanations of Asset Pricing Anomalies.”
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cule spread), is the world market beta positive and signiﬁcant. The results also show that the superior return to value investing is positively and signiﬁcantly associated with the size variable (small return–large return). There are no negative coefﬁcients for the small-large spread and eight of them are signiﬁcant. As in Exhibit 18.3, the intercept term is signiﬁcant only in Japan, indicating a signiﬁcant, positive risk-adjusted return to value after accounting for the world equity market and the small-large spread. Once again the R2s are very small (except Japan and the United States, where they are modest).



EXHIBIT 18.4 Monthly National Value-Growth Spreads, World Market Return and World Small-Large Spread, January 1975–December 2001 (Regression Model: Rv − Rg = αi + βi(Rm − Rf) + γi(Rs − Rl) + eit)



U.S. Canada France Germany Italy Netherlands Switzerland U.K. Australia Japan



α



β



γ



R2



0.16 (1.20) 0.23 (1.02) 0.28 (1.55) 0.22 (1.46) −0.20 (−0.87) 0.18 (0.99) −0.02 (−0.09) 0.12 (0.78) 0.35 (1.92) 0.50* (2.86)



−0.12* (−3.85) −0.16* (−2.99) 0.05 (1.23) −0.01 (−0.31) −0.01 (−0.17) 0.07 (1.74) 0.14* (3.00) 0.02 (0.44) −0.02 (−0.44) −0.09* (−2.09)



0.68* (8.34) 0.84* (6.02) 0.54* (4.96) 0.29* (3.05) 0.36* (2.48) 0.34* (3.10) 0.04 (0.37) 0.36* (3.94) 0.16 (1.47) 1.01* (9.46)



0.22



Note: t-values in parentheses. *Denotes significant at 0.05 level or less.



0.13 0.07 0.03 0.02 0.04 0.03 0.05 0.01 0.23
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We note that our results on ﬁrm size may be affected by the construction of our databases. Speciﬁcally, the IIA and MSCI databases are somewhat biased toward the large equities in each country in that they exclude many of the smallest companies. The U.S. market is the strongest illustration. The IIA sample includes only about 600 U.S. equities. This clearly neglects truly small equities. Japan is another example. Securities from the First Section of the Tokyo exchange comprise most of the sample. This neglects stocks in the Second Section of the Tokyo exchange and the Osaka exchange. As a result of this bias, results regarding impact of the small-large spread in this analysis should be viewed with caution.



World Market Movements, Firm Size and the January Effect Exhibit 18.5 examines the impact of the January effect on the two-factor model. The time series model estimated in Exhibit 18.5 is Rv – Rg = αi + βi(Rm – Rf) + γi(Rs – Rl) + κi J + eit



(4)



The signs and the signiﬁcance of both the world market coefﬁcients and the small-large coefﬁcients remain unchanged when the January dummy is included. After accounting for the impact of world market movements and size, the January dummy was signiﬁcant only in the United States As in Exhibits 18.3, 18.4, and 18.5, the intercept was signiﬁcant only in Japan, indicating a signiﬁcant, positive risk-adjusted return to value after accounting for the world equity market, the smalllarge spread and the month of January. The R2s were low everywhere except Japan and the United States, where they were again moderate.



SUMMARY AND CONCLUSION Consistent with prior research in this area, this chapter documents the superior performance of investment strategies that involve buying value (high book-to-market) stocks and selling growth (low book-to-market) stocks in the 10 largest equity markets for the period January 1975 through December 2001. Speciﬁcally, our results suggest that that value stock portfolios earned greater returns relative to growth stock portfolios in nine of 10 major national stock markets for the period we studied. With regard to the well-documented effect of the month of January, we found a positive January effect in eight of the 10 national markets.
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EXHIBIT 18.5 Monthly National Value-Growth Spreads, World Market Return, World Small-Large Spread and January Dummy, January 1975–December 2001 (Regression Model: Rv – Rg = αi + βi(Rm – Rf) + γi(Rs – Rl) + κi J + eit)



U.S. Canada France Germany Italy Netherlands Switzerland U.K. Australia Japan



α



β



γ



κ



R2



0.06 (0.45) 0.21 (0.90) 0.20 (1.07) 0.25 (1.58) −0.13 (−0.55) 0.10 (0.57) −0.04 (−0.19) 0.09 (0.57) 0.26 (1.37) 0.49* (2.68)



−0.13* (−4.08) −0.16* (−3.00) 0.05 (1.11) −0.01 (−0.26) −0.00 (−0.09) 0.07 (1.63) 0.13* (2.95) 0.01 (0.39) −0.03 (−0.59) −0.09* (−2.11)



0.65* (8.08) 0.83* (5.94) 0.52* (4.77) 0.29* (3.10) 0.37* (2.59) 0.32* (2.93) 0.04 (0.33) 0.35* (3.85) 0.14 (1.27) 1.00* (9.36)



1.24* (2.63) 0.24 (0.29) 1.02 (1.59) −0.36 (−0.65) −0.90 (−1.07) 0.91 (1.43) 0.26 (0.38) 0.35 (0.66) 1.18 (1.79) 0.16 (0.25)



0.23 0.13 0.08 0.03 0.02 0.04 0.03 0.05 0.02 0.23



Note: t-values in parentheses. *Denotes significant at 0.05 level or less.



Building on these results and similar ﬁndings previously reported for the United States and a few non-U.S. stock markets, we also examined whether the value-growth spread in 10 large national equity markets is related to world market movements, size (small-large spread), and the January effect using time series multiple regression models. With some exceptions, our results suggest a negative relationship between the value–growth spread in national equity markets and the world equity market. We also found that the magnitude of the valuegrowth spread in individual markets is positively related to the world small-large return spread (although this ﬁnding is tempered by a healthy respect for the inherent large cap bias in our international equity database). Summarizing our results with respect to the regression-based risk
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models, after accounting for the impact of the world equity market, the world small-large spread and a January dummy, we found a signiﬁcant risk-adjusted return (α) for the value-growth spread only in Japan. Finally, the time series regression models we tested generally had very low R2 values. This suggests that some important variables have been omitted from our model speciﬁcations. This underscores a major gap in our research. That is, the absence of substantive explanations for the existence of a worldwide value premium and January effect. As noted in the chapter by Shefrin and Statman in this book, some interesting hypotheses from the “behavioral ﬁnance” literature offer a promising avenue for future research.
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Exploring the Mathematical Basis of Returns-Based Style Analysis Thomas Becker, Ph.D. Senior Software Engineer Zephyr Associates, Inc.



he purpose of returns-based style analysis as proposed by William F. Sharpe is to determine a manager’s effective asset mix with respect to a set of asset classes, i.e., to determine the manager’s exposures to changes in the values of the asset classes.1 To this end, a set of style coefﬁcients (also referred to as style weights) is calculated, one for each asset class. Each style coefﬁcient represents the exposure of the manager to the respective asset class. The purpose of this chapter is to explain how exactly the style coefﬁcients are calculated according to Sharpe’s method, and to explore the mathematical background of this calculation. This mathematical analysis will in fact provide more than just a numerical recipe for implementing returns-based style analysis. As it turns out, discussing the mathematical underpinnings of Sharpe’s method provides a deeper understanding of what the effective asset mix is, and why the corresponding style benchmark is useful in practice.



T



1



See William F. Sharpe, “Determining a Fund’s Effective Asset Mix,” Investment Management Review (December 1988), pp. 59–69, and William F. Sharpe, “Asset Allocation: Management Style and Performance Measurement,” The Journal of Portfolio Management, 18 (1992), pp. 7–19
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This chapter focuses entirely on William F. Sharpe’s method of returns-based style analysis, where a manager’s style is determined with respect to a set of given asset classes. We will not discuss cluster analysis procedures, where a large set of managers is partitioned into subsets of managers with similar styles.2 For a comparison of Sharpe’s method with more traditional approaches, see Chapters 1, 2, and 3 in this book.



PREREQUISITES As far as prerequisites are concerned, this chapter consists of two parts. Sections titled Returns-Based Style Analysis in a Nutshell and ReturnsBased Style Analysis as a Curve-Fitting Problem below form a self-contained treatment of the topic that requires no more than some knowledge of elementary statistics and the mathematical maturity of someone who has passed a calculus course. The two sections after that, ReturnsBased Style Analysis as an Approximation in a Euclidean Space and Returns-Based Style Analysis versus Constrained Multivariate Regression require an understanding of Euclidean spaces as gained in a beginning graduate level linear algebra course. These two sections can be skipped by those readers who do not possess the necessary mathematical background. The ﬁnal section sums up the main results in a way that is understandable without the advanced mathematical background.



NOTATION The input to a returns-based style analysis calculation consists of a manager’s return series and the return series of a set of indexes. Each of the indexes represents an asset class. All series must cover the same time period, and they must have the same periodicity (monthly, quarterly, and so on). We will use the following mathematical notation throughout this chapter: n k m1, …, mn a11, …, a1n … ak1, …,akn 2



= = = =



number of returns in each series number of indexes manager return series return series of ﬁrst index



= return series of k-th index.



See, e.g., S.J. Brown and W.N. Goetzmann, “Mutual Fund Styles,” Journal of Financial Economics, 43 (March 1997), pp. 373–399
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We will also use capital letters as a shorthand notation for return series: M = m1, …, mn A1 = a11, …, a1n … Ak = ak1, …, akn For any k-tupel (λ1, …, λk) of coefﬁcients, the weighted composite of the series A1, …, Ak is deﬁned as the pointwise weighted sum of the series, i.e., λ1 A1 + … + λk Ak = λ 1 a 11 + … + λ k a k1, λ 1 a 12 + … + λ k a k2, …, λ 1 a 1n + … + λ k a kn The excess return series of the manager over this weighted composite is deﬁned as the pointwise difference between the manager and the weighted composite: M – λ1 A1 – … – λk Ak = m 1 – λ 1 a 11 – … – λ k a k1, m 2 – λ 1 a 12 – … – λ k a k2, …, m n – λ 1 a 1n – … – λ k a kn



THE MATHEMATICS OF RETURNS-BASED STYLE ANALYSIS IN A NUTSHELL From a computational point of view, performing a returns-based style analysis amounts to calculating the style weights for the effective asset mix. The way to do this, according to William F. Sharpe’s original method, is quite easily explained: determine the style coefﬁcients λ1, …, λk in such a way that the variance of the excess return of the manager over the weighted composite of the indexes is minimal, subject to the constraints that the coefﬁcients add up to 1 and that each coefﬁcient is between 0 and 1. Performing returns-based style analysis means to determine coefﬁcients λ1, …, λk so that Var ( M – λ 1 A 1 – … – λ k A k ) = min { Var ( M – x 1 A 1 – … – x k A k ) x 1 + … + x k = 1 and 0 ≤ x i ≤ 1 for 1 ≤ i ≤ k }
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The weighted composite λ1A1 + … + λkAk, where λ1, …, λk are Sharpe’s style coefﬁcients as described above, is called the style benchmark for the manger series M with respect to the asset classes A1, …, Ak. The constraints 0 ≤ xi ≤ 1 for 1 ≤ i ≤ k can be relaxed or dropped entirely if one wishes to cover situations where the manager has gone short on one or more of the asset classes. In the remainder of this chapter, we will discuss the mathematical implications of this method. Sections titled “Returns-Based Style Analysis as a Curve-Fitting Problem” and “Returns-Based Style Analysis as an Approximation in a Euclidean Space” below explore the meaning of minimizing the variance of excess return in two different mathematical contexts, namely, the context of curve ﬁtting and of approximate solutions of linear equations in Euclidean spaces. These are the most important sections in this chapter insofar as the mathematical insights given here shed some light on the deeper meaning of Sharpe’s effective asset mix and the style benchmark that it gives rise to. Finally, the section titled “Returns-Based Style Analysis versus Constrained Multivariate Regression” discusses the relationship between returns-based style analysis and constrained multivariate linear regression. While it is true that there is a very close connection between Sharpe’s method and constrained linear regression, this connection is in fact rather accidental. The fact that the two methods are similar yet different has given rise to some misunderstandings about returns-based style analysis in the past. We give a comprehensive mathematical explanation of the overlap and the differences between Sharpe’s method and constrained linear regression. There is one aspect of returns-based style analysis that will not be covered in detail in this chapter, namely, the practicalities of calculating the style weights according to Sharpe’s method. It is clear that the expression Var ( M – x 1 A 1 – … – x k A k ) is quadratic in the unknowns x1, …, xk. Minimizing this expression is therefore a quadratic optimization problem. The mathematical details of quadratic optimization are of course highly non-trivial. However, they have nothing to do with the speciﬁcs of returns-based style analysis, and delving into them does not contribute to a deeper understanding of Sharpe’s method. As a matter of fact, the practical, computational aspects of returns-based style analysis hold few surprises; if one accepts quadratic optimization as a “black box calculation,” then implementing Sharpe’s method is quite straightforward.
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Graph of a Return Series



RETURNS-BASED STYLE ANALYSIS AS A CURVE-FITTING PROBLEM The manger and index return series that make up the input of a returnsbased style analysis can be viewed as functions from the set {1, …, n} to the rational numbers. As such, they can be graphed in a suitable coordinate system. For example, the manager series m1, …, mn can be plotted simply by placing the subscripts 1, …, n on the x-axis and then taking mi as the y-value for the x-value i (see Exhibit 19.1). Since the subscripts 1, …, n represent time periods, we are in fact looking at a graph of the manager’s returns over time. From a mathematical point of view, the fact that we have a discrete, ﬁnite sequence of returns is rather irrelevant. If, instead of the ﬁnite return series, we were given continuous functions on a time interval, the discussion in this section would apply verbatim. Therefore, we take the liberty to make the graphs in this section look prettier by plotting the return series as continuous graphs rather than a sequence of discrete points (see Exhibit 19.2). Now let us view Sharpe’s method of calculating the style weight coefﬁcients as a curve-ﬁtting problem. Under this point of view, performing a returns-based style analysis amounts to calculating coefﬁcients λ1, …, λk such that the weighted composite λ1A1 + … + λkAk of
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the index series A1, …, Ak becomes a best ﬁt for the manager series M. Here, the criterion of best ﬁt is that the variance of the difference between the original curve (i.e., the manager series) and the ﬁtting curve (the weighted composite of the indexes) becomes minimal. The crucial point is to understand the visual interpretation of this criterion of best ﬁt. To this end, let us consider the extreme case where the variance of the excess return is zero, i.e., the minimization actually results in the smallest possible value. Clearly, the variance of a sequence equals zero if and only if the sequence is constant. Furthermore, the difference of two series is constant if and only if their graphs run parallel, i.e., the two graphs have the same shape and differ only by a possible vertical shift. Therefore, we have the following sequence of equivalent statements: Var(M − λ1A1 − … − λkAk) = 0 ↔ M − λ1A1 − … − λkAk = C for some constant series C ↔ The graphs of M and λ1A1 + … + λkAk run parallel, i.e., they have the same shape and differ only by a possible vertical shift. EXHIBIT 19.2



Continuous Graph of a Return Series
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EXHIBIT 19.3
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Style Benchmark as Best Fit



This ideal situation of a zero variance of excess return is of course extremely unlikely to occur in practice. The point here is that Sharpe’s method of returns-based style analysis determines the style weight coefﬁcients in such a way that the weighted composite of the indexes, i.e., the style benchmark, comes as close as possible to having the same shape as the manager series (see Exhibit 19.3). It is very important to understand that this is quite different from ﬁtting the style benchmark to be close to the manager. This is what we would get if we were to minimize the sum of the squares of the excess return. Sharpe’s method, on the other hand, allows for the manager and the style benchmark to be arbitrarily far apart. What matters is only the shape of the graphs. In other words, Sharpe claims that the best benchmark for a manager is the weighted composite of the asset classes that most closely reﬂects the movements of the manager’s return series, not the one that is closest to the manager’s return series (see Exhibit 19.4). This geometric interpretation of the style weight calculation demonstrates why one of the most frequently voiced objection to returns-based style analysis is unjustiﬁed. Managers often ask, “if I am a value manager who is outperforming his value index, but value is doing poorly and growth is doing well, won’t I erroneously be labeled as an average growth manager rather than an above-average value manager?” The answer is no. You will be labeled correctly as a value manager who is outperforming his style benchmark. The reason is that the shape of your return series is determined by your value investment style, and that is what returnsbased style analysis detects. Your skill as a stock picker will be reﬂected in a near-constant difference between you and your style benchmark. This near-constant difference will not distort the result of the returns-based style analysis, because minimizing the variance of excess return is sensitive only to the shape of the return series, not to any constant shift.
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Close-Fitting (Not What Sharpe’s Method Does)



This interpretation of returns-based style analysis as a curve-ﬁtting problem can also be used to illustrate how Sharpe’s method of returnsbased style-analysis differs from methods that seek to maximize the correlation between the manager and her style benchmark. Exhibit 19.5 shows a ﬁt where the correlation between the two curves equals 1. This happens whenever one curve is a constant multiple of the other, regardless of the magnitude of the factor. In other words, high correlation means that the two curves almost always move in the same direction, but possibly ampliﬁed or dampened by a near-constant factor. This is obviously quite different from Sharpe’s way of ﬁtting the style benchmark, where the goal is to have the style benchmark series mimic the shape of the manager series, with a near-constant difference between the two. In summary, the geometric interpretation of returns-based style analysis as a curve-ﬁtting problem demonstrates that returns-based style analysis rests on the assumption that the shape of a manager’s return series constitutes the manager’s style, whereas the manager’s skill results in a near-constant addition (or subtraction, as the case may be) of value. It is of course possible that these assumptions are violated, e.g., because of frequent style rotations, or because of management changes that result in inconsistent and uneven skill patterns. In these cases, returnsbased style analysis will still be able to come up with a set of style weights that minimize the variance of excess return, but that minimal value may not be very small. In terms of curve-ﬁtting, we can still ﬁnd the curve with the best ﬁt, but that ﬁt may not mimic the shape of the manger graph very well.
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EXHIBIT 19.5



443



Maximizing Correlation (Not What Sharpe’s Method Does)



In order to make the quality of the ﬁt comparable across different managers, one should not look at the variance of the excess return itself. Instead, one must look at the quotient of the variance of the excess return over the variance of the manager. Most people actually prefer to look at the explained variance, which is deﬁned as: 1 – Var(E)/Var(M) where, as before, M is the manager series, and E is the excess return series of the manager over the style benchmark, i.e., E = M − λ1A1 − … − λkAk with λ1, …, λk being the style weights. Clearly, minimizing Var(E), which is what returns-based style analysis does, is equivalent to minimizing Var(E)/Var(M), which in turn is equivalent to maximizing the explained variance 1 − Var(E)/Var(M). Therefore, the greater the explained variance, the better the ﬁt of the style benchmark to the manager. Clearly, the mathematician cannot provide any indication as to how great the explained variance must be for the style benchmark ﬁt to be considered satisfactory. Only the experience and intuition of the practitioner can provide the necessary guidance.
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RETURNS-BASED STYLE ANALYSIS AS AN APPROXIMATION IN A EUCLIDEAN SPACE In this section, we will explore returns-based style analysis in Euclidean space.



The Euclidean Space of Return Series
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The set of all return series of length n is a vector space V over the rationals under pointwise addition, subtraction, and scalar multiplication. The set of all constant return series is a subspace C, and so is the set O of all series whose arithmetic mean equals zero. The quotient space V/C is isomorphic to O under the mapping: ( r 1, …, r n ) → ( r 1, …, r n ) – ( c, …, c )



TE



where ( r 1, …, r n ) is the residue class of ( r 1, …, r n ) in V/C, and c is the arithmetic mean of ( r 1, …, r n ) . Finally, the vector space O becomes a Euclidean space with the covariance of two series as the scalar product: R × S = cov ( R, S )



In this Euclidean space, the length of an element is the standard deviation, the square of the length is the variance, and the cosine of the angle between two elements is their correlation. Because of the natural isomorphism between O and V/C, it is clear that V/C is a Euclidean space if we deﬁne the scalar product of two residue classes as the covariance between any two representatives of the respective residue classes: R × S = cov ( R, S )



Visualizing Style Analysis in the Euclidean Space of Return Series We will now discuss returns-based style analysis when viewed as a calculation in the Euclidean space O, or, equivalently, in the isomorphic space V/C. Recall that returns-based style analysis operates on a manager series M and index series A1, …, Ak, and it determines coefﬁcients λ1, …, λk in such a way that it minimizes the variance of the excess return series M − λ1A1 − … − λkAk under certain constraints on λ1, …, λk. Clearly, this calculation remains entirely unaffected if we modify any one of the input series by adding a constant series. Therefore, we may just as well assume that all input series have zero arithmetic mean, i.e., they are elements of
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the Euclidean space O. Our original description of returns-based style analysis given in “Returns-Based Style Analysis in a Nutshell” above now translates into the following calculation in the Euclidean space O: Performing returns-based style analysis means to determine coefﬁcients λ1, …, λk so as to minimize the length of the vector M – λ1A1 – … – λkAk in the Euclidean space O under the constraints: λ1 + … + λk = 1 0 ≤ λi ≤ 1 for 1 ≤ i ≤ k In other words, returns based style analysis calculates the best approximation in the Euclidean space O to the linear equation: M = x1A1 + … + xkAk subject to the constraints above. Viewing returns-based style analysis as a calculation in a Euclidean space brings two obvious beneﬁts. Firstly, we may draw from a wealth of known mathematical results on Euclidean spaces and apply them to the problem at hand. Secondly, calculations in a Euclidean space can always be visualized by substituting ordinary 3-space (or an ordinary two-dimensional plane, for that matter) for the Euclidean space. Exhibit 19.6 shows how one can visualize returns-based style analysis in this manner. The manager series M is drawn as a solid vector, while the indexes A1, …, Ak, four of them in this case, are drawn as dashed vectors. The solution space for the style benchmark is the set of all linear combinations λ1A1 + … + λkAk of the index series A1, …, Ak with λ1 + … + λk = 1 and 0 ≤ λi ≤ 1 for 1 ≤ i ≤ k. This is a convex set spanned by the index series. In Exhibit 19.6, it is the area delimited by the dotted lines. As mentioned before, the goal of returns-based style analysis is to minimize the length of the vector: M – λ1A1 – … – λkAk Geometrically, this means that we are trying to ﬁnd the point on the convex set that has the shortest distance to the endpoint m of the manager vector. In Exhibit 19.6, this point is labeled x. The corresponding vector is drawn as a dash-dotted arrow from the origin to x. It represents the style benchmark. The excess return series is the dash-dotted vector from point x to the manager vector’s end point m. This is the vector whose length we have minimized.
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Returns-Based Style Analysis in the Euclidean Space O



Uniqueness of the Solution One very important result that we get for free from this interpretation of returns-based style analysis is that there is always a unique solution. There will never be more than one set of style weight coefﬁcients that yield the same minimal variance of excess return. This is because of the well-known fact that in a Euclidean space, the minimal distance between a point and a convex set is assumed at exactly one point in the convex set. (A broad outline of the proof is like this: if there were two different points with the same minimal distance to the point in the convex set, then the midpoint of the line segment connecting these two points would be in the convex set as well, and it would have a shorter distance to the point.)



Sharpe’s Method versus Minimizing the Sum of Squares Viewing Sharpe’s method in the Euclidean space O also nicely illustrates how returns-based style analysis is different from an approach that seeks to minimize the sum of the squares of the excess return series, rather than to minimize the variance of excess return. Recall that in the curve-ﬁtting interpretation, minimizing the sum of the squares of the excess return series led to a close-ﬁtting of the curve, rather than a parallel ﬁtting. Under the Euclidean space interpretation, minimizing the sum of the squares of the excess return series would mean to perform the exact same geometric minimization as depicted in Exhibit 19.6,
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except that we would be working in a different Euclidean space altogether, namely, the one where the scalar product is deﬁned as: ( a 1, …, a n ) × ( b 1, …, b n ) = a 1 b 1 + … + a n b n This will of course yield entirely different results.



Sharpe’s Method versus Minimizing Correlation We can also use the visualization of Exhibit 19.6 to understand in yet another way how Sharpe’s method differs from maximizing correlation. Recall that in the curve-ﬁtting interpretation, maximizing correlation means to ﬁnd a benchmark that almost always moves in the same direction as the manager, but possibly ampliﬁed or dampened by a near-constant factor. Now recall that in the Euclidean space O that we are currently working in, the correlation of two series is the cosine of the angle between the two. In the situation of Exhibit 19.6, we could have achieved a higher correlation (i.e., a smaller angle) between the manager and the benchmark if we had chosen the point labeled y instead of the point labeled x. However, this would have resulted in a considerably greater length of the vector from y to the manager vector’s endpoint, i.e., it would have given us a higher variance of the excess return series M – λ1 A 1 – … – λk A k .



Sharpe’s Method and Orthogonal Projections Now suppose for a moment that we were to drop the constraints on the style coefﬁcients altogether. The solution space for the style benchmark in the Euclidean space O then becomes the entire subspace spanned by the index series. Finding the point in this subspace that has the shortest distance to the point m becomes the same as ﬁnding the projection of m onto the subspace. In that case, the excess return vector, i.e., the vector from point x to point m in Exhibit 19.6, is orthogonal to the vector from the origin to point x. Translating from Euclidean space terminology to statistics terminology, this means that the style benchmark series and the excess return series have zero correlation. In the presence of the linear constraints on the style weights, the solution space for the style benchmark is a convex set that isn’t a subspace, and the entire concept of orthogonal projections breaks down: an orthogonal projection of a point onto a convex set does not exist in general, and if it exists, it does not necessarily yield the shortest distance between the set and the point. However, minimizing the distance between the point m and the convex solution space for the style bench-
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mark can be viewed as an attempt to ﬁnd the “next best thing” to an orthogonal projection. Recall that the interpretation as a curve-ﬁtting problem showed us that returns-based style analysis is based on the assumption that a manager’s style determines the shape of his return series, whereas his skill results in a near-constant addition or subtraction of value over the style benchmark. We can now extend and reﬁne this statement by saying that returns-based style analysis is based on the premise that a manager’s style and her skill are uncorrelated, i.e., the best style benchmark is the one that results in minimal correlation between style benchmark series (style) and excess return series (skill). Notice that if we were to determine the style weights so as to maximize the correlation between manager and style benchmark, we would be abandoning this premise. Exhibit 19.6 illustrates this rather drastically. If we choose point x as the solution, then the angle between the style benchmark vector (origin to point x) and the excess return vector (x to m) is close to 90 degrees, i.e., the two series have low correlation. As mentioned before, maximizing correlation between manager and benchmark instead of minimizing the variance of excess return would mean to choose point y over point x. Visibly, the benchmark and the excess return series would then be much farther from being orthogonal, i.e., they would have a higher correlation.



Explained Variance and Correlation Squared There is one more thing that is worth looking at from the Euclidean space point of view, namely, the explained variance. Recall that the explained variance is deﬁned as: 1 – Var(E)/Var(M) where, as before, M is the manager series, and E is the excess return series of the manager over the style benchmark, i.e., E = M – λ1A1 – … – λkAk To visualize what this means in our Euclidean space O, look at Exhibit 19.7. This is simply an excerpt from Exhibit 19.6: the index series and the convex set that they span have been deleted. We show only the manager series, the style benchmark series, and the excess return series. Also, we have labeled the style benchmark series S, and the angle between manager and style benchmark γ.
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EXHIBIT 19.7



Excerpt from Exhibit 19.6



When interpreted in the Euclidean space, the variance explained becomes 1– E



2



⁄ M



2



In the ideal case where the style benchmark and the excess return series are orthogonal (as is the case when we drop the constraints on the style weights, and thus the solution space becomes a subspace), we have 1– E



2



⁄ M



2



2



2



= 1 – sin ( γ ) = cos ( γ ) = ( S × M ⁄ S × M )



2



In other words, the explained variance equals the square of the correlation between manager and style benchmark. Therefore, maximizing the correlation and maximizing the variance explained (the latter being equivalent to minimizing the variance of excess return) become one and the same thing. In the presence of linear constraints on the style coefﬁcients, orthogonality between the style benchmark and the excess return series cannot be achieved in general, and therefore, correlation squared and variance explained are no longer the same. One can maximize one or the other, but not both at the same time. Returns-based style analysis chooses to maximize the variance explained. As we have seen, this choice reﬂects two assumptions: ﬁrstly, a manager’s skill results in a
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near-constant addition or subtraction of value over his style benchmark, and secondly, a manager’s style and his skill are uncorrelated.



RETURNS-BASED STYLE ANALYSIS VERSUS CONSTRAINED MULTIVARIATE REGRESSION Suppose now that instead of returns-based style analysis, we were to perform a constrained multivariate regression of the manager series M with respect to the index series A1, …, Ak. This means that we are looking for coefﬁcients µ1, …, µk and a constant α such that the sum of the squares of the series: M – ( α ) – µ1 A1 – … – µk Ak is minimal subject to the constraints: µ1 + … + µk = 1 0 ≤ µi ≤ 1 for 1 ≤ i ≤ k Here, we are using the notation (α) for the constant series whose elements are all equal to α. In terms of Euclidean spaces, we are trying to ﬁnd the best approximation, under the given constraints, to the solution of the linear equation: M = x 0(1) + x1A1 + … + xkAk in the Euclidean space of all return series with the standard scalar product, where (a1, …, an) × (b1, …, bn) = a1b1 + … + anbn The k + 1 parameters x0 and x1, …, xk of the multivariate linear regression problem are not all independent. For any ﬁxed k-tupel of coefﬁcients µ1, …, µk, the sum of the squares of the series: M – x0(1) – µ1A1 – … – µkAk assumes its minimal value when the remaining parameter x0 equals the arithmetic mean of the series M – µ1A1 – … – µkAk. An easy proof of this can be obtained by looking at the derivative of the sum of the squares of
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M – x0(1) – (µ1A1 + … + µkAk) with respect to x0. This derivative equals zero if and only if x0 equals the arithmetic mean of the series M – µ1A1 – … – µkAk. In view of this dependence between the parameters, we may as well equate the parameter x0 of the multivariate linear regression with the arithmetic mean of the series: M – x1A1 – … – xkAk from the start. In other words, performing the multivariate linear regression is tantamount to ﬁnding µ1, …, µk so as to minimize the expression: n
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But the expression above is, up to a constant factor, none other than the variance of the series M – µ1A1 – … – µkAk. We have thus proved that the coefﬁcients µ1, …, µk that solve the constrained multivariate regression problem happen to be the exact same ones that solve the returns-based style analysis problem according to Sharpe’s method. The difference is that the end result of the regression analysis is the series: R = (α) – (µ1A1 + … + µkAk) where α equals the arithmetic mean of the series M – µ1A1 – … – µkAk. The series R is the closest ﬁt to the original manager series M in the sense that it minimizes the sum of the squares of M – R. The end result of the returns-based style analysis, on the other hand, is the style benchmark: S = µ1A1 + … + µkAk The series S is a best ﬁt for the original manager series M in the sense that it minimizes the variance of the excess return series of M over all linear combinations of A1, …, Ak. Under this interpretation, α is the arithmetic mean of the excess return series, whose variance has been minimized. All this shows that the connection between constrained multivariate linear regression and returns-based style analysis is very close, and yet it
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is rather accidental. As far as the intent and the end result are concerned, the two methods are different. The reason why we have embarked on this comparison between the two methods is that the close connection between them has caused some misunderstandings in the past. In some discussions and publications, returns-based style analysis has been loosely described as “constrained multivariate linear regression with zero alpha,” or “constrained multivariate linear regression with alpha restricted to zero.” These descriptions, the second one in particular, are dangerously vague. According to the mathematical discussion above, the following is true: to arrive at the style benchmark as proposed by William F. Sharpe, one may perform a constrained multivariate linear regression and then drop the alpha from the result. However, the description “constrained multivariate linear regression with zero alpha” has in the past been misunderstood to mean this: perform a constrained multivariate linear regression with alpha constrained to zero to begin with, i.e., minimize the sum of the squares of the excess return series: M – µ1A1 – … – µkAk As we have pointed out repeatedly in the course of this chapter, this is not how the style coefﬁcients are calculated according to Sharpe’s method, and the benchmark thus obtained is different from Sharpe’s style benchmark. In summary, while there is a connection between returns-based style analysis and constrained multivariate linear regression, this connection contributes little or nothing to understanding the intent and the usefulness of returns-based style analysis. On the contrary, there is some potential for confusion to arise from the comparison of the two methods.



CONCLUSION Returns-based style analysis as proposed by William F. Sharpe determines style weights for a manager series with respect to a set of asset classes in such a way that the variance of the excess return of the manager over the weighted composite of the asset classes is minimal. This is different from maximizing the correlation between the manager and the style benchmark, and it is also different from minimizing the sum of the squares of the excess return series. Interpreting returns-based style analysis in the contexts of curve-ﬁtting and Euclidean spaces, we saw that Sharpe’s method reﬂects the following assumptions:
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1. A manager’s style determines the shape of his return series when viewed as a function of time. 2. A manager’s skill results in a near-constant addition or subtraction of value relative to the style benchmark. 3. A manager’s skill is independent of her style. To our knowledge, this chapter represents the ﬁrst attempt to present the full mathematics of returns-based style analysis, show its relationship to other related quantitative methods and summarize its main results.
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Trading (and Investing) in “Style” Using Futures and Exchange-Traded Funds Joanne M. Hill, Ph.D. Managing Director Goldman, Sachs & Co.



ver the last few years, many equity managers have categorized their investment management style as value or growth. These styles, along with size, are the primary dimensions used in determining the performance characteristics of U.S. equity portfolios. Indexes that categorize stocks by style have been used as performance benchmarks for active managers and mutual funds. They also serve as the basis for passive investment approaches for equity holdings. Categorizing investment strategies by equity style increased in importance in the latter half of the 1990s, as the differences in return between value versus growth investing increased to their widest level since the late 1970s. Both pension funds and mutual funds began to categorize their U.S. equity asset allocation into these groupings, and the contribution from stock selection began to be measured by equity style benchmarks. This phenomenon was largely unique to the U.S. market as Technology, a growth sector, increased its weight in the large cap indexes.
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The author would like to thank Barbara Mueller, Meric Koksal, Wingee Sin and Ingrid Tierens of Goldman Sachs Derivatives and Trading Research for their contributions to this chapter. Copyright ©2002 by Goldman, Sachs & Co.
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The most widely used benchmarks in the equity style area are those calculated by Standard and Poor’s (S&P)/BARRA and The Frank Russell Company (Russell). Each offers value and growth benchmarks for their large, mid, and small cap indexes. Most mutual funds and pension funds use one of these two index vendors as their benchmark for style investing. Other index providers, like Dow Jones and Wilshire, also offer equity style benchmarks. Our primary focus here is on large cap style indexes and their related products offered by S&P/BARRA and Russell because of the breadth of their use. We do, however, touch brieﬂy on the Dow Jones equity style indexes, since there are tradable index products based on these as well. For a comprehensive discussion of the providers and methodologies of U.S. and non-U.S. equity style indexes, see the chapter by Shea in this book. In the early 1990s, with the interest in equity style-based investing and a widening of return differentials, portfolio managers who were familiar with using futures products on the S&P 500 supported the launch of derivatives based on style indexes for equitizing cash and hedging the risk of their portfolios. In 1995, the Chicago Mercantile Exchange (CME) launched futures on the S&P 500/BARRA Value and Growth indexes. The lack of continuous interest in shifting style weights, however, made it difﬁcult for these futures products to achieve even a base level of liquidity to make them less costly or more liquid than trading in the underlying stocks. Other index futures, including those based on the Nasdaq 100 (NDX) and Dow Jones (30) Industrials (DJIA), became more widely used as a proxy for the growth and value segments of the equity market. Also, in 2000, an expansion of the product line of exchange-traded funds (ETFs) included the launch of several ETFs based on equity style indexes. Because of the structure of daily “arbitrage” for ETFs and their dealer-based market making structure, ETFs have proved to be a better product for trading strategies around equity style indexes and have grown in their use and acceptance as a means of style investing and hedging. In this chapter, we review the characteristics of the large cap S&P 500/BARRA and Russell equity style indexes, along with their “trading” vehicles in the form of futures and ETFs. We also consider these relative to the NDX and DJIA futures, which for some investors serve as a liquid alternative for proﬁting from shifts in the returns to growth and value segments of the U.S. large cap marketplace. This includes investment performance, index features, futures and ETF speciﬁcations, and an overview of applications using data through mid-2002.1 1



Data for this chapter were provided by Goldman, Sachs & Co., Standard & Poor’s, Frank Russell Company, BARRA and FAME Information Services.
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EXHIBIT 20.1 Russell 1000 Value and Growth, and Russell 1000 Indexes, Monthly Rolling Annual Total Returns*



*Data as of June 28, 2002.



EQUITY STYLE PERFORMANCE AND VOLATILITY: EPISODES OF DIVERGENCE AND CONVERGENCE One only needs to look at the period of the 1990s to see why style assessment of equity investment strategies has become so popular in the U.S. Exhibit 20.1 shows the 12-month moving-average of the returns of the Russell 1000 Value and Growth indexes relative to the Russell 1000 for the last 15 years, against a backdrop of Russell 1000 index returns. Where the early 1990s showed a multiyear cycle of outperformance for both value and growth, in the last ﬁve years we have experienced almost a doubling of the differential returns to style, compared to the experience of the prior 10 years. The 1998–1999 period was an extended stretch of unprecedented returns to growth investing. This has been followed by the 2000 through 2002 period where the value index signiﬁcantly outperformed, recovering all of its previous underperformance in a short period of time.
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Note also that periods of poor returns overall in large cap U.S. equities have coincided with value style outperformance, as shown in the comparison of the Russell 1000 index to that of the value indexes in Exhibit 20.1. At the end of the 1980s and in 2000/2001 when equity returns were at low levels, value indexes were staging strong performance periods. In late 2001 and early 2002, equity style has returned to its historical norm as a differentiating factor in returns, but the legacy of the prior ﬁve years of benchmarking investment funds by style has persisted. As an indication of longer-term relative performance, Exhibit 20.2 shows the returns of Russell and S&P 500/BARRA large cap style indexes for ﬁve year periods back to 1980 (and the last 2¹₂ years). From these results, we see that the last 22 years have begun and ended with sizable differences in equity style index returns, but that from 1985 to 1994, longer-term relative performance differences were small. Another factor driving the distinction between value and growth investing in the U.S. has been the difference in volatility between value and growth indexes. Exhibit 20.3 shows the rolling 24-month annualized standard deviation of Russell 1000 style index returns back to 1979 based on monthly returns. As shown in Exhibits 20.2 and 20.3, the value indexes have a lower volatility and the growth indexes a higher volatility compared to their core indexes. Until the last few years, the volatility spread had been steady in the 2–4% range for the Russell equity style indexes and 1–2.5% range for the S&P/BARRA equity style indexes. Since the late 1990s, the difference in return risk has widened dramatically between style indexes. The spreads, however, have varied over time. As overall equity index volatility increased in the later half of 1990s, the divergence between the volatility of value and growth benchmarks rose as well. The Russell 1000 value index volatility has been relatively stable, hovering between 13–19% for the last ﬁve years. However, with the sharp moves in growth stocks, especially technology, the same period produced an extremely high range of volatility environments for growth style investors. The Russell 1000 Growth index volatility reached as high as 29%, in 2001, coinciding with the peak in weight of technology stocks and their subsequent sharp sell-off in the index.



PROFILES OF THE EQUITY STYLE INDEXES Exhibit 20.4 compares the capitalization, along with some fundamental and liquidity characteristics of the S&P 500/BARRA and Russell 1000 Value and Growth indexes to one another and to the S&P 500 and Russell 1000 indexes.
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Russell 1000 Value and Growth, Rolling 24-Month Volatility*



*Data as of June 28, 2002.



Note that the Russell 1000 equity style indexes differ from the S&P 500/BARRA equity style indexes in several respects, the most important of which are: 1. The Russell 1000 style indexes are divisions of an index of the 1,000 largest U.S.-domiciled stocks and therefore contain more medium cap issues. 2. Their division of market capitalization into two style indexes is based on both book/price as in the S&P/BARRA indexes, as well as prospective earnings growth. 3. The capitalization of over 300 stocks and 30% of the market capitalization in the Russell 1000 indexes is split between the value and growth indexes because, based on the Russell methodology, they do not clearly fall into one category or another. S&P/BARRA, on the other hand, assigns stocks uniquely to either value or growth. Therefore, the number of stocks across both Russell equity style indexes sums to more than 1,000.
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Equity Style Index Characteristics: Constituents, Fundamentals and Liquidity*
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Capitalization and Constituent Comparison The Russell 1000 equity style indexes differ in terms of the median and average size of the constituent companies. The average market capitalization in both growth indexes is considerably larger than that for companies in the value indexes ($8.4 versus $6 billion in Russell 1000 compared to $26.8 versus $12.9 billion for the S&P 500 equity style indexes). The capitalization spread is narrower in the Russell style indexes because there are a large number of growth companies among the smaller stocks in the Russell 1000 index. This serves to balance the market cap bias of growth stocks at the top-end of the capitalization range for the Russell style indexes. Note that the median Russell 1000 Growth index company is slightly smaller than the median value index company. Also, in the Russell indexes, the market capitalizations are ﬂoat-adjusted which further reduces the spread.



Fundamentals Since the objective of creating equity style indexes is to produce portfolios that differ in their fundamental orientation, it is signiﬁcant to see how this is reﬂected in each index. We see clear differences in dividend yields and P/E ratios between the style indexes, in addition to the expected differences in price/book ratios. Note that the cap-weighted fundamental statistics for the Russell 1000 style indexes are very similar to those for the S&P 500/BARRA equity style indexes despite their differences in the number of stocks and size of the average stock. Also of note is the difference in the number of companies between the Value and Growth indexes. In the S&P 500/BARRA equity style indexes, there are about twice as many value companies as growth companies. This is because the S&P 500/BARRA methodology of allocating style by price/book and the smaller number of overall companies has the effect of having a disproportionate number of growth companies among the larger market cap segment of the index. The larger cap tilt of the growth style indexes is most pronounced in the S&P 500/BARRA Growth index, as reﬂected in a high measure for the BARRA size factor of 0.65 relative to the overall BARRA universe and well above the 0.11 factor metric for the S&P 500 index. This large cap bias of growth index companies is also apparent in the Russell style indexes, but is less pronounced. This is in part because of a style allocation criteria that is also based on long-term earnings growth and because of the broader sample of companies along the size spectrum. Here, the number of companies that have a weight in the Russell 1000 Value index is 757 compared to 578 in the growth index. Note that 335 companies are divided according to the Russell style methodology between the two indexes.
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EXHIBIT 20.5 Rolling 12-Month Russell 1000 Value versus Growth and Russell 2000 versus Russell 1000 Index Performance*



*Data as of June 28, 2002.



Hence, investors must be cognizant that a tilt toward value investing either on a passive or active basis also implies a shift down in sizeorientation. This is consistent with evidence that periods of value style outperformance coincide in general with periods when small cap stock indexes are outperforming their larger cap counterparts as shown in Exhibit 20.5. The early 1990s and last few years when value style had its strongest relative performance also marked periods of strong relative performance for the Russell 2000 versus 1000 index. In terms of the BARRA risk factors for value, growth and size, we see that the biggest difference in normalized scores for both the S&P/BARRA and Russell equity style indexes is on the value risk factor, where both growth indexes are signiﬁcantly negative in terms of their value orientation as would be expected. This factor is driven in large part by price/book ratios, which is also a basis for selection of stocks for each equity style index. The differences in the fundamental BARRA growth factors are not that striking, suggesting that stocks in value indexes can still have close to average earnings growth, but are primarily differentiated by investors assigning a low price relative to both that growth and book value.



Equity Style Index Liquidity Measures Both value and growth style components of the S&P 500/BARRA and Russell 1000 have stock holdings that are quite liquid, with bid/ask spreads under 15 basis points (bp). The S&P/BARRA Growth index is a bit more liquid than the Value index, primarily due to its inclusion of a larger cap group of S&P 500 stocks. As of mid-2002, only 13% of the market capitalization
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of the S&P 500 index stocks trades in the over-the-counter (OTC) market; the growth index includes a larger percentage (22%), but among these stocks are several liquid technology issues including Microsoft and Intel. The S&P 500/BARRA Value index has a slightly wider bid/ask spread than the S&P 500/BARRA Growth index (13 versus 10 bp), while the Russell 1000 Value index has a bid/ask spread that is 1 bp below that of the Russell 1000 Growth index. Both growth indexes, however, have over 20% of their market cap trading in the over-thecounter (OTC) market compared to less than 5% for the value indexes. The liquidity of the stocks can also be measured by the percent of a typical day’s trading volume to trade a $100 million basket of each of the four style indexes; this statistic is well under 1% of the average daily volume. The higher percent for the S&P 500/BARRA equity style components is reﬂective of their smaller number of names.



Overlap of Equity Style Benchmarks



TE



To assess the similarity in composition between the two most widely used equity style benchmarks, we looked at the overlap in stocks and market capitalization. Since some of the Russell 1000 stocks are divided between the two indexes, this must be considered in the analysis. Exhibit 20.6 shows the comparison based on the percentage and number of names in the Russell 1000 style indexes that are in the narrower S&P 500/BARRA style indexes as of mid-2002. Of the 500 names, 155 are divided in their weight between the two Russell 1000 style indexes. Only 27 of the S&P 500/BARRA Value stocks (6.3% of the market capitalization) are not in the Russell 1000 index, with 61% of the S&P/ BARRA Value market cap (201 of the 339 names) at a full weight in the Russell 1000 Value index. The Russell 1000 Growth index has all but seven of the names in the S&P Growth index, representing less than 2.5% of the S&P 500/BARRA Growth index market capitalization. EXHIBIT 20.6 Number and Percent of Names that Overlap Russell 1000 and S&P 500 Equity Style Indexes* Number of S&P 500 Names In R1000



% of S&P 500 Mkt Cap In R1000



R1000 R1000 Both Not R1000 R1000 Both Not S&P 500/ Value Growth S&P & in Value Growth S&P & in BARRA Total Only Only R1000 R1000 Only Only R1000 R1000 Value Growth S&P 500



339 161 500



201 5 206



7 103 110



104 51 155



27 2 29



*Data as of July 2, 2002.
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61.1 1.5



1.1 67.7



31.5 29.9



6.3 0.9
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EQUITY STYLE INDEX METHODOLOGIES AND REBALANCING S&P/BARRA equity style indexes are co-created by Standard & Poor’s and BARRA to differentiate member companies based on their price/ book value calculations. All members are sorted based on price/book values as of the month-end prices prior to rebalancing. Then, the market capitalization of the S&P 500, S&P MidCap and S&P 600 index is divided equally between growth and value indexes. Companies with high price/book values are included in the growth index, while lower price/book values make up the value index. The S&P/BARRA style indexes are rebalanced on a semi-annual basis in June and December. Generally, all changes are implemented the third Friday of the month. Further component changes can be implemented as companies are removed from the core index due to merger and acquisition (M&A) activity or “lack of representation.” The Russell equity style indexes collectively contain the largest 3,000 companies incorporated in the U.S. and its territories. All Russell indexes rebalance on an annual basis at the end of June. Stocks are categorized as value and/or growth based on their relative price/book ratio and the Institutional Brokers Estimate System (I/B/E/S) forecast longterm growth metrics. Companies in the Russell 1000 (2000) index with low price/book and low long-term growth rate rankings are assigned to the value indexes, while companies with high price/book ratios and high long-term growth rate rankings are assigned to the growth indexes. The details of the value/growth methodology are proprietary to Russell. Russell is unique in its method of company style index classiﬁcation, which allows a percentage of a company to be included in the one and the rest in the other style index. Such companies make up the “blend” category in the Russell equity style universe. At the time of rebalancing, approximately 70% of the market capitalization of the companies are assigned to pure value or growth. The remaining 30% constitutes the blend category. Unlike the Dow Jones Averages, the Dow Jones equity style indexes use an objective, rules-based process for assigning stocks to style indexes. A stock’s style classiﬁcation is determined based on six measures: two projected, two current and two historical. The metrics include: projected price/earning ratio, projected earnings growth, price/ book ratio, dividend yield, trailing P/E and trailing earnings growth. Each company is deﬁned as value, growth or neutral. Unlike the value and growth indexes, the neutral index is not calculated, and all neutral companies are excluded from the style indexes. The Dow Jones style indexes are reviewed and rebalanced semi-annually in March and Sep-
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tember. These indexes thus represent stronger (and purer) style tilts than the Russell or S&P/BARRA style indexes.



Sector and Industry Characteristics Across Equity Styles One can argue that the most differentiating factor between equity style indexes is their difference in sector weights. In fact, we have argued in previous research that equity “style” is merely a shorthand way of summarizing investment processes that focus on different sectors of the economy. 2 Exhibit 20.7 shows the largest sector weights, in the Russell 1000 Value and Growth indexes and how they have varied as of mid-2002 and at the end of each year back to 1999. These sector weights are based on BARRA deﬁnitions, which have a high weight in Technology compared to the S&P sector indexes as they classify defense names in Technology instead of Industrials. The Russell 1000 Growth index tends to have ﬁve dominant sectors, with Technology being the one that has had the most variation in weight over the years. These sectors are Health Care, Technology, Financials, and Consumer (Cyclical and Noncyclical) stocks. EXHIBIT 20.7 Russell 1000 Value and Growth Sector Weights Over Time* Russell 1000 Value Sector Weight (%) Over Time (Based on BARRA Sectors)



2



See Maria E. Tsu, “Growth versus Value: Sector Weighting and Return Effects in U.S. Style Indexes,” Equity Derivatives Research, Goldman, Sachs & Co. (January 1999).
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EXHIBIT 20.7 (Continued) Russell 1000 Growth Sector Weight (%) Over Time (Based on BARRA Sectors)



*Data as of June 28, 2002.



Currently, Technology is at its lowest weight in the Russell 1000 Growth index in some time (just over 20%) compared to almost 45% at its peak at the beginning of 2000. As of mid-2002, these ﬁve leading sectors are quite balanced. Health Care now has a small lead in both the Russell 1000 and S&P 500/BARRA Growth indexes over Technology as the dominant sector, but the combination of Consumer Cyclicals and Consumer Noncyclicals is also well over 20%. In the large cap value style indexes, sector weightings are stable and, excluding Financials, are much more evenly distributed. Financials are by far the largest sector with a 32% weight, followed by Energy at 14%. Telecoms and some Technology stocks have historically been prominent in style indexes. Other sectors that have historically been large components of value style indexes include Utilities, Basic Materials, and Consumer Services. Exhibit 20.8 also shows a comparison of sector weights as of mid2002, highlighting the difference between the style indexes of Russell and S&P/BARRA. (Note that the Sector weights here are based on S&P GIC methodology.) The S&P 500/BARRA Value index has a much higher weight (15%) in Energy compared to 11% for Russell 1000 Value. (Consumer Staples has a 5% higher weight in the Russell 1000
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Value index.) The S&P 500/BARRA Growth index has a 6.8% higher weighting in Consumer stocks (6.7% in Consumer Staples and 0.1% in Consumer Discretionary), while Financials carry a 3.3% higher weight in the Russell 1000 Growth index. These differences arise for three reasons relating to the difference in methodology: 1. Russell indexes go deeper into the capitalization spectrum; 2. Float-adjustment of the Russell indexes; and 3. Different criteria for determining style, including Russell splitting company weight between the two indexes. Exhibit 20.9 contains the largest 15 stocks in each equity style index as of mid-2002. These stocks make up a substantial portion of the market capitalization of the indexes (43% for Russell 1000 Growth, 52% for S&P 500/BARRA Growth and over 30% for the value style indexes). Some highlighted differences include American Intl. Group’s (AIG) entire weight in the S&P 500/BARRA Value index where it is split in the Russell methodology and Royal Dutch in the S&P 500/BARRA Value (which will be removed on July 19, 2002). Other major companies that are divided in the Russell style indexes but are in S&P 500/BARRA Growth include IBM, Merck, Procter & Gamble, and Philip Morris. EXHIBIT 20.8



Comparison of Sector Weights Across Equity Style Indexes*



*Data as of July 2, 2002, based on S&P GIC sectors.
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Comparison of 15 Largest Stocks in Russell 1000 Value and Growth Indexes to S&P 500 Index* Weight In Value Index (%) Ticker 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18



XOM C BAC VZ SBC CVX AIG WFC IBM JPM BLS WB PG MWD MRK RD VIA.B AOL



Name EXXON CITIGROUP BANK OF AMERICA VERIZON SBC COMM CHEVRONTEXACO AIG WELLS FARGO IBM J PM CHASE BELLSOUTH WACHOVIA P&G MORGAN STANLEY MERCK ROYAL DUTCH VIACOM AOL TIME WARNER



Totals for Top 15



R1000V



S&P 500



Diff



6.0 3.5 2.4 2.2 2.2 2.1 1.9 1.7 1.4 1.4 1.3 1.1 1.0 1.0 1.0 — 0.9 0.6



6.2 4.4 2.4 2.3 2.3 2.1 3.9 1.9 — 1.4 1.3 1.1 — 1.0 — 2.6 1.7 1.3



(0.2) (0.9) (0.1) (0.1) (0.1) (0.1) (2.0) (0.2) 1.4 (0.0) (0.0) (0.0) 1.0 (0.0) 1.0 (2.6) (0.8) (0.7)



31.5



36.1



(4.5)



Weight In Growth Index (%) Ticker 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17



GE MSFT PFE JNJ WMT INTC KO CSCO PEP HD FNM PG AIG WYE MRK IBM MO



Name GENERAL ELEC MICROSOFT PFIZER J & JOHNSON WAL MART INTEL COCA COLA CISCO PEPSICO HOME DEPOT FANNIE MAE P&G AIG WYETH MERCK IBM PHILIP MORRIS



Totals for Top 15



*Data as of July 2, 2002.



R1000G



S&P 500



Diff



6.3 5.2 4.6 3.5 3.3 2.5 2.2 2.1 1.9 1.8 1.6 1.5 1.5 1.5 1.4 1.2 1.3



6.5 6.5 4.7 3.6 5.5 2.6 3.3 2.1 2.0 1.8 1.7 2.7 — 1.5 2.5 2.7 2.3



(0.2) (1.3) (0.2) (0.1) (2.2) (0.1) (1.1) (0.1) (0.1) (0.1) (0.1) (1.1) 1.5 (0.0) (1.1) (1.5) (0.9)



43.2



51.8



(8.6)
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Tracking Error and Correlations for Large Cap Equity Style Indexes S&P/BARRA Value vs. S&P 500 BARRA*



1-Yr**



0.96 0.96 4.47



0.98 0.98 4.25



Beta Correlation Tr. Error (%)



S&P/BARRA Growth vs. S&P 500



3-Yr*** 0.83 0.88 8.14



BARRA*



1-Yr**



1.01 0.97 4.54



1.02 0.98 4.25



3-Yr*** 1.15 0.94 7.48



R1000 Growth vs. R1000



R1000 Value vs. R1000 BARRA*



1-Yr**



3-Yr***



BARRA*



1-Yr**



3-Yr***



0.94 0.97 4.05



0.87 0.98 4.74



0.63 0.76 11.41



1.01 0.96 4.06



1.14 0.99 5.08



1.39 0.95 10.71



Beta Correlation Tr. Error (%)



S&P/BARRA Value vs. R1000 Value BARRA*



1-Yr**



1.86



4.53



Tr. Error (%)



S&P/BARRA Growth vs. R1000 Growth



3-Yr*** 8.93



BARRA*



1-Yr**



3-Yr***



2.59



4.88



12.42



*BARRA U.S. E3 Equity Model, data as of July 2, 2002. **One year of weekly price returns. ***Three years of monthly total returns, annualized.



Tracking Analysis The potential usefulness of the tradable equity style index products hinges in part on the ability of these indexes to better match the movements of portfolios that have either a value or growth orientation in their stock selection. One way to quantify the degree of co-movement between an index and a portfolio is to measure the “tracking error” between the two. Tracking error is the annualized standard deviation of the difference in weekly or monthly returns between the portfolio and the benchmark index. For example, a portfolio with a tracking error of 3% to the S&P 500 index is expected to have an annual return within + or –3% of the S&P 500 annual return approximately two-thirds of the time. Exhibit 20.10 provides the tracking errors and correlations between the equity style indexes and their underlying core indexes. Both the tracking error based on the BARRA model and the statistical results
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using weekly capital or monthly total returns are shown. The tracking error of the style indexes to the large cap index from which they are drawn is currently 4–5% as measured by the BARRA risk model or based on the last year of weekly return data. Up until 1999, this statistic was more stable and closer to 3%. However, the extreme stock and sector return volatility we experienced in the 1999–2000 period, some of which remains with us, has shifted tracking error to higher levels for almost all stock portfolios relative to the benchmarks. This recent high level of tracking error came in part from the extreme rally and then sell-off of technology and telecom stocks and is reﬂected in the 11% tracking error of the Russell style indexes compared to the Russell 1000, measured with monthly return data over the last three years. This statistic is around 8% for the S&P 500 equity style indexes. Going forward, a level of expected tracking error of 3–5% is a good guide to the variation of returns around large cap benchmarks for passive approaches to equity style investing. Based on the realized return differences between the large cap growth and value benchmarks of Russell and S&P, we also see a level of tracking error of 4–5%. Expected tracking error levels from BARRA between the two value and two growth style indexes are signiﬁcantly lower (1.9% for value and 2.6% for growth). This highlights the importance of benchmark selection and shows the typical return differences that can occur even with investment strategies with the same equity “style” orientation. In terms of beta or the expected and realized sensitivity of equity style indexes to broader index moves, the Value indexes have a beta of around 0.95, while the Growth indexes tend to have a beta slightly higher than 1.0 based on the BARRA risk model. When betas are calculated from realized returns, we see a wider spread between equity style indexes and in betas overall. This can be attributed to the wide index moves and shifts in sector weights of the style indexes over recent periods of time. For example, measured from monthly return data, the beta of the Russell 1000 Value index over the last three years was 0.63, as compared to 1.39 for the Russell 1000 Growth index.



OVERVIEW OF INDEX APPLICATIONS The basic applications of futures contracts and ETFs on equity style indexes should be very similar to those for S&P 500 products, except that they will deliver long- or short returns on the portion of the index representing value- or growth-oriented stocks. Some of these applications include:
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Equitizing cash from dividend ﬂows or other additions; Hedging style equity exposure; Tilts to manage tracking error or take an active style view in a fund; Transitions from cash into equity style portfolios via index products; Capturing upside exposure in an equity style index; and Managing the risk of dealer positions.



These applications can also be viewed in the context of different types of investors who might ﬁnd them more ﬂexible with equity style index futures included in their tool kit. These investors are: ■ Passive managers who have developed speciﬁc products designed to



deliver the returns of equity style benchmarks; ■ Asset allocators interested in choosing a particular equity style tilt



■



■



■



■



within an equity market based on an analysis of sectors, corporate and economic variables relative to market prices; Active/hedge fund managers who have more efﬁcient and ﬂexible tools to manage their risk and cash ﬂows via these index derivative products; long/short equity managers can use these futures or ETFs to offset style mismatches between their long and short equity holdings; Pension funds and foundations who can more easily manage their equity style exposure independent of the selection of external equity managers; they can maintain a style mix while transitions or cash ﬂows are occurring that would otherwise disrupt the equity asset strategy mix and “ﬁne-tune” hedging strategies to their mix of stock managers and their respective holdings; Portfolio traders can better hedge their positions and thus may pass some of the beneﬁts of risk reduction to investment managers in the form of trading cost savings; and Relative value or sector investors who now have expanded choices for index futures spread trades based on technical or fundamental views. Each index has its mix of industry tilts so that traders will be able to indirectly capitalize on outperformance of one industry versus another, e.g., technology or banks via equity style index futures.



We expect most applications of equity style index products will be for style index funds, style “overlay” management, or for active managers as a component of a hedge or cash equivalent that includes S&P 500 and perhaps S&P MidCap derivatives as well. Much of the potential of these new tools comes from being able to select weighting schemes and thereby construct customized combinations that track an investor’s target portfolio better than S&P 500 futures alone.
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TRADING EQUITY STYLE INDEXES WITH FUTURES AND EXCHANGE-TRADED FUNDS Although the primary use for equity style indexes is as benchmarks for active and passive investing, the ability to trade style indexes is also beneﬁcial to both institutional and retail equity investors. The primary applications of style trading are for equitizing cash in portfolios benchmarked to these indexes and for adjusting the exposure to equity style when portfolio holdings are tilted too much away from the portfolio manager’s target exposure. These needs occur because of the mix of attractive stocks held at any point in time or because the fund manager simply wishes to reduce his or her risk relative to a benchmark. Investors may also have a view that they would like to have a more or less aggressive exposure to value or growth as a tactical trading opportunity. Futures or ETFs are the primary vehicles for these style tilt or risk management strategies. For example, if the investor held 3% or $10 million of a mutual fund in cash-equivalents that was benchmarked to the S&P 500/BARRA Value index, she could purchase a position in S&P 500/BARRA Value futures or S&P 500/BARRA Value ETFs representing $10 million of notional index exposure to maintain a fully invested position. Alternatively, if a portfolio manager perceived that his current holdings were slipping away from a growth benchmark as his growth stock portfolio was falling in price relative to those in the index, he could purchase S&P 500/BARRA Growth futures and sell S&P 500/BARRA Value futures to tighten the desired tracking error to the S&P 500 or Russell 1000 Growth index. Currently, there are two types of trading tools available for managing exposure to equity style benchmarks: futures and exchange-traded-funds. Listed options on these indexes are not very liquid, but can be traded in the OTC market. Exhibit 20.11 lists the indexes that are available for each of these vehicles, along with their average daily notional volume for the ﬁrst six months of 2002 and assets or open interest as of June 2002. As a basis of comparison, we show the same statistics for S&P 500/ BARRA, Russell 1000, NASDAQ 100, and Dow Jones Index products. Trading activity for equity style indexes is divided between ETFs and futures for large cap style indexes. For small and mid cap style indexes, ETFs are the only vehicle available; these have more liquidity and assets than large cap style ETFs. Futures trading on style indexes is small overall and less than the average daily volume in ETFs if we look at all style products combined. Trading products for value indexes are larger than those for growth, reﬂecting more interest in index-related exposure in the value versus growth style.
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EXHIBIT 20.11



Trading Vehicles for Large Cap Equity Style Indexes* Volume ($mil) Futures



Total



Assets ($mil)



S&P/BARRA Russell Dow Jones



8.0



9.5 12.7 0.3



17.5 12.7 0.3



122



665 1,017 39



Growth S&P/BARRA Russell Dow Jones



5.2



3.5 5.4 0.6



8.8 5.4 0.6



52



439 490 16



38,116 51 2,069 7,269



2,281 4 507 2,908



40,397 55 2,576 10,177



151,991 32,386 1,355 462 3,153 3,345 10,228 19,352



TE



Broad S&P 500 Market Russell 1000 Dow Jones 30 NASDAQ 100



AM FL Y



Value



ETFs



Open Interest ($mil)



*All data as of June 28, 2002. Volume is average daily dollar volume.



As of mid-2002, assets in equity style have grown to $6 billion with more than $4 billion of those assets in small and mid cap style indexes. In terms of volume in large cap value indexes, the share of total trading is about even between futures and ETFs as of mid-2002. In terms of assets, however, large cap value ETF assets are over ﬁve times the open interest of the futures. For large cap growth, ETF volume is lower than the futures, but here also ETF assets are large relative to futures open interest (Exhibit 20.12). Clearly, style ETFs serve an important function as tradable index investment vehicles for certain types of investors as demonstrated by the large size of their assets relative to day-to-day volume.



Futures on Equity Style Indexes: Languishing in Low Liquidity The oldest equity style trading products are futures.3 The Chicago Mercantile Exchange (CME) launched futures on the S&P 500/BARRA Value (SVX) and Growth (SGX) indexes in 1995. As shown in Exhibit 20.13, average volume and open interest (through June of 2002) for these products never developed a sufﬁcient liquidity for most institu3 For a comprehensive discussion of equity style index futures, see Joanne M. Hill and Maria E. Tsu, “Value and Growth Index Derivatives,” in T. Daniel Coggin, Frank J. Fabozzi, and Robert D. Arnott, eds., The Handbook of Equity Style Management, Second Edition (New Hope, PA: Frank J. Fabozzi Associates, 1997).
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tional investor applications. Daily volume typically runs $8–10 million for S&P 500/BARRA Value futures and $4–6 million for S&P 500/ BARRA Growth futures, a similar pattern of the value style products trading more than growth. Also, the trading impact of executing trades via the futures has been perceived by investors as high compared to the market impact of trading the underlying stocks. Most investors use these equity style index futures only for small trades associated with cash equitization. For larger trades, most passive fund managers simply trade stock baskets (or ETFs) representing their benchmarks to manage cash ﬂows rather than bother with the futures as an intermediate step. Active managers have tended to use combinations of S&P 500 and NDX futures or ETFs to manage benchmark risk to growth indexes or DJIA futures/ETFs for large cap value indexes as more liquid alternatives. Also, the active managers have the tolerance for the commensurate tracking risk of these alternative (and more liquid) index products. EXHIBIT 20.12



Equity Style Product Dollar Volume and Assets*



Equity Style ETF & Futures $ Volume



Equity Style ETF & Futures Assets/Open Interest



*Note: All data as of June 28, 2002. Volume is average daily dollar volume.
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EXHIBIT 20.13



Average Daily Volume and Open Interest for S&P 500/BARRA Value and Growth Index Futures*



*All data as of June 28, 2002. Volume is average daily dollar volume.



As shown in Exhibit 20.14, a combination of 84% S&P 500 and 16% NDX index futures provides an expected tracking error of less than 3% versus the Russell 1000 Growth index as of mid-2002.4 This compares to a 4% tracking error by using S&P 500 futures alone. A similar approach to using NDX 100 futures or ETFs to replicate S&P 500/BARRA Growth would use a 9% weight in NDX. For replicating the Russell 1000 Value or the S&P 500/BARRA Value index, using DJIA futures is less helpful. An expected tracking error reduction of 50 bp to the Russell 1000 Value comes from a 4.5% position in Dow Jones index futures.



WhyDidtheStyleIndexFuturesNeverDevelopaStrongBase of Liquidity? Most successful futures contracts have a base of traders or investors who have a need or desire to adjust exposure on both the long- and short side to the underlying index on an ongoing basis. Since there are few dealers who categorize their market-making or inventory risk in terms of style, or traders or investors who regularly take a short-term view on style, there has not been sufﬁcient basic hedging and speculative ﬂow in these 4



The methodology of constructing an optimized portfolio using stock index futures is beyond the scope of this chapter. For a discussion of this topic, including risk management, hedging and program trading, see one of many textbooks on financial futures and options, such as Robert W. Kolb, Futures, Options and Swaps (Cambridge, MA: Blackwell Publishers, 1996).
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products on a daily basis to attract ongoing interest from futures ﬂoor traders or investors. Volume generated from cash-equitization strategies is typically not large enough in itself to drive the success of a futures contract and this interest tends to be very one-sided, which negatively impacts pricing for those investors looking to employ the strategy.



ETFs Provide a Superior Mechanism for Managing Equity Style Exposure With the launch of the equity style index ETFs in 2000, retail, institutional and pension fund investors now have an accessible and more liquid tool to manage their equity style exposure. As shown in the growth of assets in Exhibit 20.15, investors have been gradually increasing their use of these products for both long and short exposure, a trend we expect to continue in coming years. The assets of the style ETFs as of mid-2002 have grown to over $6 billion compared to less than $400 million of futures open interest. In terms of volume, style ETFs on the large cap S&P and Russell indexes trade about $30–$40 million per day with over $60–$75 million in the value style ETF products. Exhibit 20.15 shows the average daily volume and asset growth by month for style ETFs since their launch in June 2000. The large cap value and growth ETF volume has been steady over the period. EXHIBIT 20.14



Using NASDAQ and Dow Jones Index Futures to Create Equity Style Exposure* Optimized Futures Baskets for Growth



NASDAQ 100 (wgt %) S&P 500 (wgt %) Beta Correlation Tracking Error (%)



R1000 Growth



S&P/BARRA Growth



15.72 84.28 0.98 0.98 2.88



9.24 90.76 0.96 0.97 4.15



Optimized Futures Baskets For Value



DJIA 30 (wgt %) S&P 500 (wgt %) Beta Correlation Tracking Error (%) *Data as of July 2, 2002.



R1000V Value



S&P/BARRA Value



4.50 95.95 1.03 0.97 4.09



100.00 0.96 0.96 4.44
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Growth of Equity Style Index ETFs (June 2000 to June 2002)*



*All data as of June 28, 2002. Volume is average daily dollar volume.



There are also equity style index ETFs available on mid and small cap indexes. The small cap value index ETFs have been very popular, now representing the largest category of equity style ETF assets. This segment of the U.S. equity market has been performing very well in the last two years. Returns to the Russell 2000 Value and S&P 600 Value index were 11.38% and 11.81% in 2001 followed by 6.22% and 4.95% through June 2002, a time when many other areas of the U.S. equity market were posting very poor performance. A big factor in small cap value ETF growth is that many mutual funds in this category have closed and are not accepting new cash ﬂow. Also note that the fees on the index-based ETF products are quite low compared to most actively-managed mutual funds and institutional products. In fact, ETF volume in mid and small cap style indexes now approaches $69.8 million on a typical day and is 70–75% of the trading in equity style ETFs. As shown in Exhibit 20.16, value style indexes dominate ETF assets with over 64% of total style ETF assets. This arises from recent demand for small and mid cap value investment products and for a greater tendency to index value compared to growth investment strategies (active value managers run lower tracking error portfolios and have had more difﬁculty outperforming benchmarks). Large cap style ETFs are 42% of the assets, but only 24% of the average daily volume, indicating these products are more used as investing than trading vehicles. Examples of investing applications include cash-equitization and transition management.



Trading (and Investing) in “Style” Using Futures and Exchange-Traded Funds



EXHIBIT 20.16



ETF Assets and Volume Breakdown by Size and Equity Style*



Equity Style ETF Volume ($mil)



Equity Style ETF Assets ($mil)



*All data as of June 28, 2002. Volume is average daily dollar volume.
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In Exhibit 20.17, we show the tickers, assets, volume, underlying stock volume, expense and fund manager for all equity style-based ETFs, both large and small cap. Management fees range from 18 to 25 bp. The total assets in large cap style products as of June 2002 were $2.6 billion and in mid and small cap style $3.5 billion. Dividing equity style ETF assets between value and growth, we see assets and volume favoring value ETFs at this time, but this may be related to the recent outperformance of this style since ETFs were created.5



Why Have the ETFs Attracted More Trading Interest and Assets than Equity Style Index Futures? The answer lies in the market making process for ETFs, drawing on the liquidity of the underlying stocks. In general, as shown in Exhibit 20.17, the style indexes have stocks that are quite liquid with $100 million of index value representing less than 1% of the daily volume of the constituent stocks. An ETF can be created by the market maker selling the ETF to an investor and buying stocks as a hedge. At the end of any trading day, the ETF market maker can exchange the shares at Net Asset Value (the index close) with the ETF trust for an ETF, thereby offsetting the short position taken on early with the investor. This efﬁcient and regular arbitrage mechanism makes ETF products at least as liquid as the underlying stocks in the index. In addition, since a value index ETF can be combined with a growth index ETF and then hedged with an S&P 500 (or Russell 1000) future or combined with other ETF positions in the trader’s book, the capital available for facilitating ETF trades tends to be much greater than is available in the futures market. Moreover, ETFs trade like stocks so that customers can receive a quote for the size transaction they want to do from a dealer and easily assess liquidity and market impact for even large-size trades. Very recently, it has become possible to execute “block” trades in futures as well. ETFs are, in effect, exchange-tradable index funds, and consequently are also very suitable for pension funds that are holding index exposures for a short period as they transition between investment managers or adjust their style tilt. Moreover, there are still many investors who cannot use futures for regulatory or operational reasons or who prefer the simplicity of the ETF and its similarity to trading stocks. 5



For more details on the characteristics of ETF structure and strategy applications, see Joanne M. Hill, Barbara Mueller and Adam Esposito, “Exchange-Traded Funds (ETFs)–Products and Applications Expand,” Goldman Sachs & Co. (June 2001), and Joanne M. Hill, Barbara Mueller and Massoud Mussavian, “The Appeal of Exchange-Traded Funds,” in Institutional Investor’s Exchange Traded Funds (June 2002).
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*All data as of June 28, 2002. Volume data is three-month average daily volume for 2Q2002.
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CONCLUSION Equity style indexes have become an integral part of investing for both retail and institutional investors, with the primary use as benchmarks for active strategies. They capture important differences in returns across stocks and provide a shorthand way of measuring the performance of similar sectors of the equity market. They are also important as a basis for passive investing, with combined assets of $72 billion as of mid-2002. Tradable vehicles have recently emerged with the launch of equity style index ETFs. These products are expected to continue to grow in popularity and become important tools for efﬁcient fund management.
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496 Value (Cont.) measures, 185 orientation, 135 score, 143 portfolio. See Pure value portfolio return, 423 strategies, quantitative management, 47 usefulness, 171 Value investing, 429–431 data description, 422–423 history, 172–173 January effect, international evidence, 419 world market movements, 425–429 Value orientation determination. See Net value/growth orientation distinctions, 139 measurement, 140. See also Stocks considerations, 134–136 presentation. See Stocks scores, interpretation, 141–146 Value stocks, 49, 191, 224 outperformance, 408 performance, 295, 426 purchase, 424 Value-as-a-Long-Term-Investment, 199–202, 206, 209–214 Value-core-growth (VCG), 137–138 indexes, 156 Value/growth axis, 141 factors, 142 ﬁndings, 305 orientation, 147. See also Stocks Value-growth factor dimension, 81 Value-growth spread, 423–425, 432 regressing, 427 Value-growth swap, 424 Value-oriented funds, 134 Value-weighted total returns, 239 Van Wagoner Emerging Growth fund, 149 Vanguard Balanced Index fund, 17 Growth & Income fund, 41 Strategic Equity portfolio, 124 Total Stock Market Fund, 101 Portfolio, 91 Windsor Fund, 11, 17–20, 25 Windsor mutual fund, 11–12 Variance. See Explained variance VCG. See Value-core-growth Vector length, minimization, 445 Vishny, Robert W., 172, 195, 196, 198, 203, 205, 207, 407, 420, 423
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