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Micro and aggregate data in consumption: evaluation of differences in elasticities estimates from household and aggregate data.1



                                                             1  What Do We Learn About Consumer Demand Patterns from Micro Data? By  RICHARD BLUNDELL, PANOS PASHARDES, AND GUGLIELMO WEBER*



 



The purpose of this presentation is to use a complete consumer demand system based on a time series of individual household data and to measure the biases introduced into the study of consumer demand behavior when aggregate data are used in place of the appropriate microeconomic data.



The suitability of aggregate data is assessed through the impact on income and price elasticities and by evaluating the ability of both micro and aggregate based models to forecast aggregate consumer demand.



The biases, introduced by the use of aggregate data, depend upon the way that household characteristics interact with income and price effects and on departures of demand systems from linearity.



The structure of microeconomic demand systems is explored and the role of household characteristics in the behavior of consumer demand both for the light this may shed on the pattern of future demands and for the implications this behavior has for issues of aggregation.



Consumer demand patterns typically found in micro data sets vary considerably across households with different household characteristics and with different levels of income (total expenditure).



We model this variability is modeled by making intercept and slope parameters in the budget-share equations of our demand system depend on household characteristics and by allowing for nonlinear total log-expenditure terms. h



Letting q it represent consumption of good in period t by household h, if utility is weakly separable across time then the allocation of expenditure to good i, conditional on z , may be expressed as



The QUAIDS demand system (quadratic version of AIDS) allows this type of analysis. QUAIDS



AIDS



Simplifying notation:



With households’ characteristics:



where



in which we have a set of variables Tkt that are purely deterministic time-dependent variables, like seasonal h dummies and time trends. The parameters λit and βht are also allowed to vary in a similar fashion.



To illustrate the implications for aggregate analysis of these generalizations consider the simplification in which it can be written:



where Dht is simply a zero-one dummy representing, say, the presence of children in the household. In our empirical work we find a number of such interactions with the real expenditure terms to be significant.



The consistently aggregated relationship may be written as: (1)



where Xt



is average total real expenditure (Ht is the number of households in period t) and



is each household's relative weight in expenditure terms. As before the aggregate sit, the µht weighted sum of micro shares sit, simply equals the share of aggregate expenditure on good i out of total aggregate expenditure Mt. As an alternative to this approach, we may directly assess the importance of this aggregation problem by relating the coefficients identified from an aggregate equation directly to the underlying preference parameters. From (1) the following equation could be estimated (2):



where Dt denotes the proportion of households with characteristic D in period t. Comparison with equation (1) shows that:



Where ϴkt and πjt aggregation factors, are approximately constant over time(with the πjt's close to unity), we may expect unbiased estimates from an aggregate equation like (2). If the πjt's are constant and the ϴkt are functions only of the deterministic time-dependent variables Tkt, the parameters of the "aggregate" model may still be stable and the γij's will be consistently estimated.



Econometric issues. The first issue we consider relates to the occurrence of zero expenditures in the diary records. For the commodity groups we consider, these will most likely correspond to purchase infrequency. The problem of infrequent expenditures has its major effect on goods like clothing, transport, and possibly alcohol (we do not consider tobacco consumption or expenditures on durable appliances in this paper). It means that the theoretical concept of "consumption" differs from its measured counterpart "expenditure." As this discrepancy affects both the dependent variable and the total-real-expenditure variable ln x', ordinary leastsquares (OLS) estimates of the share equations are biased. However, instrumental-variable (IV) estimation (or more generally generalized method of moments [GMM] once heteroscedasticity is allowed for) permitting all terms in ln xh to be endogenous removes this measurement error problem. As we wish to treat ln xh as endogenous, following the discussion above, we can use our IV or GMM estimates to obtain unrestricted consistent estimates for each equation. Homogeneity can also be checked at this stage since it is a within- equation restriction. Although each equation is estimated separately, adding-up and invariance are preserved for all of these linear estimators.



Turning to cross-equation restrictions, these can be imposed at a second stage using the minimum-chi-square (MCS) pro- cedure (see Thomas Ferguson, 1958; Thomas J. Rothenberg, 1973). The attraction of the MCS estimator for microecono- metric analysis of consumer behavior of the type pursued here relates to the separate stages of imposing within- and cross-equation restrictions. At the first stage, consistent estimates of the parameters of each equation with restrictions confined to within equations (zero-degree homogeneity in prices, for example) are recovered. For a standard demand system (linear expenditure system [LES] or "almost ideal" and its generalizations, for example), this would involve estimating separate linear share equations as described above. As we have also mentioned, in our case we allow for the endogeneity of all ln xh terms and of some other conditioning factors as well as considering the issue of general heteroscedasticity across households. These single-equation estimates together with their covariance matrix summarize all information available in the data concerning estimation of preference parameters. In effect they act as sufficient statistics for the purposes of demand-system estimation on the vast quantity of microlevel data. As a result the following second-stage restricted estimates attain asymptotic efficiency.



The Household Data In this study we adopt the estimation procedure described in the previous section to recover estimates of a seven-good model of demand from a pooled cross section over 15 annual time series covering more than 61,000 households.



These data are drawn from the annual British Family Expenditure Survey (FES) for the years 1970-1984. In one form or another the FES has been the cornerstone of many empirical studies of consumer behavior at the micro level, including, for example, the papers by Anthony B. Atkinson and Nicholas Stern (1980) and Robert A. Pollak and Terence J. Wales (1978). In our demand system we have concentrated on seven broad commodity groups: food, alcohol, fuel, clothing, transport, services, and other. In terms of sample selection, the results of the illustration reported here refer to a sample of households whose head is more than 18 and less than 60 years of age and is not self- employed.



The Estimated Models We now turn to the estimated parameters and implied elasticities of the individual- household expenditure allocations. We present estimates from the quadratic extension of the "almost ideal" demand system in which secondorder terms in ln xh are included. In Table 1A the price and income coefficients that correspond to the yij, pi, and αi parameters of share equations are presented; these correspond to equation:



In all equations, we consistently find that both the ownand the cross-price parameters are statistically significant. It should be noted that all ln xh terms are treated as endogenous, and the restricted and unrestricted estimators are described in Subsection I-C, above. Before considering the impact of household characteristics on the intercept terms αi in the above equation, we should stress that the coefficients on the logarithm of real expenditure terms, lnx and (lnx)2, are also found to display seasonal and demographic variation. In particular, there is a different budget response if there are children in the household (the interaction term Cxlnxh between a child dummy and real expenditure has an important impact on alcohol, fuel, clothing, and services)



and if the head of the household is a white-collar worker (e.g., see the coefficient on C x ln xh in the food, transport, and services equations).



The results from Table 1A appear to be plausible, and in Table 1B we present some formal statistical diagnostics. These results (1B) indicate two things: first, that the choice of instruments, described at the foot of Table 1B, is broadly valid.



C. Price Aggregation In Table 2 we investigate the joint significance of the price terms by comparing a model with all prices included to one in which the deflated own price only is included. From the chisquare tests of the joint significance of the extra terms (A. Ronald Gallant and Jorgenson, 1979), it is clear that the cross-price terms are important.



Model Elasticities Inspection The parameter estimates for the estimated demand models reveals some general patterns. For example, services are a luxury while fuel is a necessity. Each household h will, however, have a different budget elasticity. In the context of the quadratic model estimated above at reference prices this elasticity is defined as:



The empirical specification allowed to vary with family composition and the occupation of the household head. Moreover, the budget elasticity is likely to exhibit substantial variation between households because it depends on the level of the budget itself. Also, as we can see from the impact of the many included characteristics, the predicted expenditure share sh will vary across households.



This variation of elasticities across the sample is a distinct advantage of using individual household-level data across time rather than aggregate time series, where often only a single elasticity estimate for all households in any period is given.



The uncompensated elasticity of good i with respect to the price of good j is given by



where kij = 1 if i= j and kij = 0 if i not equal j. The compensated price elasticity is :



Comparing elasticities.



Parts A-C of Table 4 provide the aggregate model elasticities evaluated at the sample means. Parts D and E compare these with the elasticities obtained directly from micro data reported in Table 3 by presenting their differences and the t values associated with these differences. The joint chi-square test for budget elasticities indicates a rejection of equality. Interestingly there is less evidence of bias in the price elasticities, although some differences are relatively large.



However, given that relative prices are only time-varying and given that the aggregate model includes seasonals, trend, and entropy terms, this may not be surprising. It is hard to predict circumstances under which the estimated price and income effects from the aggregate models will give a reliable picture of the underlying microeconomic behavior. Some guidance on this topic may come from looking at the ratios of ,A-weighted averages to simple averages of the explanatory variables used in the micro level. These correspond to the ϴ aggregation factors in the consistently aggregated model (10). Those variables for which the ratios are uncorrelated with prices and income do not require direct inclusion in the aggregate model. If their simple averages over time are either constant, or trend-like, they can be omitted altogether.



IV. Forecast Performance In assessing the forecast performance of the micro and aggregate specifications we are naturally drawn to compare postsample predictions of aggregate behavior. As we noted earlier there are likely to be factors that mitigate the efficiency and bias considerations derived in the previous section when aggregate forecast performance is compared. First, the micro model, in assu ing independent variation in unobservable factors across households, will not necessarily produce the best fit in the time-series domain. Second, since weighted summation is required to calculate the aggregate share and since the weights are most likely en- dogenous, one has to be careful to remove any resulting bias at the summation stage. Finally, our aggregate model described in Section III is estimated on the aggregated micro data and includes distribution, trend, and seasonal components to minimize aggregation bias. Since our estimation period ends in 1984, we decided to consider out-of-sample fore cast performance for the 24 months in the 1985 and 1986 Family Expenditure Survey data. In line with Section II, we also decided to maintain use of the instrumental-variable (GMM) estimated micro system. Figure 3 uses the transport equation as an example of the persistent bias over the fore- cast period that is present in the micro OLS estimates. The other micro equations di play a bias of similar magnitudes. For the aggregate model, this bias is less evident. In Figure 4 the corresponding forecast error for the transport equation is reported and supports our view that the standard OLS estimator should be used for the aggregate model.



In assessing the relationship between models of consumer demand based on micro and aggregate data, it is important to establish the presence of nonlinearity in the micro-level Engel curves and the need for interactions with household-specific characteristics, since either of these would rule out simple linear aggregation. In our sample of U.K. survey data, pooled over 15 years, we find strong evidence of both. In particular, we find that goods may change with income from luxury to necessity, a possibility ruled out in many commonly used demand systems. In comparison to previous studies in this area, we do not find that price homogeneity is rejected, while the ownand cross-price variables are strongly significant. From our results we can draw certain implications for work on aggregate data. Even ignoring the interactions of total expenditure with individual characteristics, aggregate models that explain demands in terms of price and totalexpenditure variables exclude many important aggregation factors such as the proportion of total expenditure associated with particular family size, tenure group, or employment status. These factors change over time in a way that may well be correlated with real total expenditure and relative price movements, often making it difficult to identify the sepa-



rate effects from aggregate data or to test theoretical hypotheses concerning price and income terms. For our sample, the estimated price elasticities were found to be similar in micro and aggregate equations, while the estimated income elasticities differed significantly. In general, our results imply that a comparison of aggregate estimates either across different time periods or across different countries in which the income distribution is not constant may display coefficient instability. To help assess the likely occurrence of parameter instability and systematic differences in parameter estimates according to the level of aggregation, we propose a set of computable aggregation factors. These are purely data dependent and only relate to observable household characteristics and components of the in- come distribution. In terms of ex post aggregate forecasting ability, we find that the micro-based model does not unambiguously outperform a similarly specified aggregate model that simply includes some basic distributional measures. We interpret this unexpected result as a consequence of the stability of the aggregation factors over our postsample period. Indeed, when the aggregation factors do not vary or evolve in a predictable way, our analysis has shown that the aggregate-data model is useful both for forecasting and for



the evaluation of the aggregate consequences of publicpolicy experiments.
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