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order model has greater explanatory power, H0: p1jk = p2jk = ... = pqjk = pjk ,âˆ€ j, k; and the test statistic, namely, the likelihood ratio can be expressed as: (7) log. 
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ABSTRACT This paper draws on the first four waves of data of the British Household Panel Survey (BHPS) to analyse the statics and dynamics of the earnings distribution in the early nineties. Motivated by the wide range of concerns which mobility is viewed to serve, I analyse mobility under three complementary headings: (i) predictability or state dependence; (ii) movement; and (iii) welfare implications; and find that mobility is rather low. When mobility is modelled as a discrete stochastic process, earnings are best described by a second order Markov chain.
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3 Non- technical Summary This paper draws on the first four waves of data of the British Household Panel Survey (BHPS) to analyse the statics and dynamics of the earnings distribution in the early nineties, and answers the question: is Britain close to a society where individuals move up and down the earnings ladder over time, or is it more similar to a society where individuals are stuck in the same step? I find that the British male earnings distribution is by no means close to the former and much closer to the latter. To derive this answer I look at earnings inequality, characterise transition probabilities and model earnings dynamics as a purely stochastic process. Over the first four years of this decade the shape of the earnings distribution changes little, and so does inequality. In order to quantify the degree of mobility and to show its pattern I have estimated the transition probabilities between quintile groups of the distribution. Year to year transition matrices are characterised by high stayer probabilities (larger for the bottom and top quintile groups) and short-range movements. Furthermore, transition probabilities do not change over time and the transition matrix is not symmetric. On average an earner is more likely to move one quintile up than one down, and for longer movements the reverse applies. All the information contained in a transition matrix or joint distribution can be summarised by a mobility index. At this point, the analyst has to face the lack of consensus regarding the definition of mobility. This lack of agreement is due to the multi-faceted nature of mobility. Motivated by the wide range of concerns which mobility is viewed to serve, I analyse mobility under three complementary headings: (i) predictability or state dependence; (ii) movement; and (iii) welfare implications. Despite capturing different aspects of mobility, the picture which emerges from each approach is always the same one. Namely, mobility is rather low and it decreases slightly in the second transition. Finally, when mobility is modelled as a discrete stochastic process, and one does not take into account the heterogeneity in the sample, I find that the earnings state of an individual depends on his earnings state in the two previous periods. When heterogeneity is taken into account, however, the process becomes non-stationary but the memory of the process governing earnings transitions is also found to extend over more than one period.
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1. Introduction Consider two societies, Jigsawland and Legoland, with the same cross-section distribution of earnings over time.1 In Jigsawland earners occupy the same position in the earnings hierarchy year after year. In Legoland, earners change positions from year to year. The cross-section distribution of earnings in our two societies has exactly the same structure over time, so a snapshot picture of the earnings distribution in a given year will show the same inequality of earnings. Our two societies, though, are by no means equally unequal. Over time, in Jigsawland the poor will be trapped in poverty while the richer will always be wealthy. Conversely, in Legoland there is no necessary relationship between the temporal stability of the fraction poor (richer) and in the composition of the poor (richer). Some will agree with Friedman (1962, p. 171) that, in any meaningful sense, Jigsawland is clearly the more unequal society. Is Great Britain closest to Jigsawland or to Legoland? In the following sections I use the British Household Panel Survey (BHPS) to describe some aspects of male earnings dynamics in Britain, and thence answer this question. If society’s concern is with longer term earnings (e.g. net present value of lifetime earnings as an index of well-being), it can be shown2 that the measured inequality of earnings at a point in time overstates the degree of lifetime inequality to a degree that depends on the mobility of earnings. Shorrocks (1978) exploits this relationship between short term and longer term inequality and shows that when inequality is measured using a convex function of earnings (expressed relative to the mean), inequality of lifetime earnings (or earnings accumulated over T periods) is less than the average of period inequalities weighted by their share in total earnings, unless individuals do not change positions in the earnings hierarchy. Thus, Legoland is less unequal than Jigsawland. Societies like Legoland are usually associated with a more ‘open’ or ‘mobile’ society in which people are not handicapped by the very first slot they happen to occupy but where individual trajectories differ according to factors such as education, experience or effort.
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When a jigsaw is complete each piece is locked into place (unless you want to destroy the jigsaw). In other words, a jigsaw has a very rigid structure. On the other hand, the main aim of Lego is to construct different shapes out of the same pieces by combining them in a different way; a set of Lego pieces has no fixed structure. 2 See Atkinson et al. (1992) p. 26.



5 In an intergenerational framework, Legoland will also be viewed as exhibiting more equality of opportunity. In a Jigsawland-type society individuals do not move from whatever position they first occupy in the earnings hierarchy, and hence, the mechanism that determines such first position



is of special importance. A jigsaw-type



intergenerational mechanism would imply that such first and permanent position would be entirely determined by the position of the parents. Thus, if the lifetime position is thought of as depending basically on education attainments such an intergenerational mechanism would imply a restricted access to education or to the acquisition of skills, whereas a Lego-type mechanism would be associated with an educational system that does not prevent individuals from achieving their potential. So far I have put forward some of the positive connotations of earnings mobility. Notwithstanding those, excessive, unanticipated mobility or insecurity of earnings is usually viewed as a negative feature of the labour market. The paper is structured as follows. After describing the data (Section 2), I look at the changing shape of the British earnings distribution and document the earnings inequality it displays over time. Such a snapshot-type analysis is complemented with a more dynamic one where mobility is measured as the reduction in inequality as the time horizon grows (Section 3). The results of this analysis suggest that the British male earnings distribution is by no means close to Legoland and much closer to Jigsawland. Section 4 focuses on transitions into and out of employment. Over the period of analysis, the majority of unemployed in wave 1 who have a job in wave 4 are found in the bottom two quintile groups. In Section 5 the multiple connotations of mobility are embedded into three categories, call them aspects or facets of mobility, and studied in turn using both visual and statistical tools. Section 6 models discrete earnings dynamics as a pure stochastic process. Assuming no heterogeneity, I find that transition probabilities are stationary and that the earnings state (e.g. quintile group) of an individual at time t does not depend solely on his earnings state at period t-1 (as some attempts to model earnings dynamics assume) but that his state at t-2 also influences the outcome at period t. When controlling for observable and unobservable heterogeneity, however, the process governing earnings transitions is found to be non-stationary and also its memory extends more than one period. Section 7 concludes.
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2. The Data The BHPS is a longitudinal panel data set consisting of some 5500 households (approximately 10000 individuals) first interviewed in the autumn of 1991 (wave 1) followed and re-interviewed every year subsequently. This initial sample represents a response rate of about 69% (proxies included) of the effective sample size. Wave-onwave attrition rates for the subsequent waves are 4.1, 2.5 and 1.2 per cent.3 I work with a balanced panel containing data for males with positive earnings in all four waves of the BHPS. From this sample, transitions into and out of the labour market as well as outliers are excluded (but see section 4).4 The final subsample consists of 1708 males. The earnings variable I employ measures the usual monthly earnings or salary payment before tax and other deductions in the current main job.5 ‘Earnings’ can be interpreted as the average hourly wage times hours worked. Thus earnings variation between individuals at a point in time can come through differences in either of these two components. Earnings variation over time can also be due to individual changes either in the wage rate or in the number of hours worked. This means that earnings mobility is likely to be higher than wage mobility, particularly in those parts of the distribution where changes in hours are likely to be, that is, at the bottom end of the distribution.6 The earnings measure I use is going to under-estimate mobility since there is no information to take account of within-year earnings mobility when usual monthly earnings are not the usual for all the months between two interviews. To account for inflation all earnings are expressed in September 1991 prices (the deflator used is the retail price index from the Labour Market Trends).
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For a detailed discussion of BHPS methodology and representativeness see Taylor, A. (1994) and Taylor, M.F. (1995a). 4 Outliers were defined initially to be those individuals experiencing an increase in earnings greater than 100%. However, after analysing each case one by one, I decided to include in the sample those outliers who moved from part-time to full-time and some others (mainly self-employed) for whom there seemed to be a plausible explanation for such a big earnings increase. Those possible explanations include moving jobs, promotion within the same firm, improvement in qualifications, etc. 5 In particular I use the variable wPAYGU (where w denotes wave). For more information on this and other earnings related variables see Taylor, M.F. (1995b). 6 Buchinsky and Hunt (1996) analyse both annual earnings and wage mobility for the US using data from the NLSY, and find that movements through the wage and earnings distribution are similar near the top, where full-time workers are likely to be, but changes in hours cause a lot of mobility lower down the earnings distribution, which does not occur in the wage distribution.



7 Numerous studies have documented the positive relationship between earnings and age. Over the life cycle earnings increase with age at a decreasing rate. This pattern of individual changes of earnings with age may cause people to move relative to each other within the distribution of their contemporaries, i.e. may cause mobility. For this reason some earnings mobility and inequality studies use age adjusted earnings measures.7 That is, the effect of age on earnings is netted out by using residuals from cross-section regressions of earnings on age as the earnings measure. Human capital theory explains this positive relationship in terms of returns to experience. Since the main concern of this paper is to describe rather than explain earnings mobility (which is left for future research), I use an unadjusted measure of earnings. However, Appendix A presents transition probabilities for adjusted earnings and shows that the use of adjusted instead of unadjusted earnings makes no considerable difference for annual transition probabilities. Table 1 presents some sample statistics. The earnings growth rate between wave 1 (W1) and wave 4 (W4) is 2.9%. This figure is consistent with the macroeconomic recovery experienced by the British economy over this period.



3. Trends In The Shape Of The British Earnings Distribution And Earnings Inequality From A Time-Series Of CrossSections. The 1980s witnessed significant changes in the earnings distribution of a number of industrialised countries, and Great Britain is not an exception.8 How has the British earnings distribution evolved during the first half of the 1990s? Does the beginning of this decade provide a halt in the rising inequality trend experienced in the 1980s? Perhaps the best way to see how the shape of the British earnings distribution changes over time would be by direct observation of its frequency distribution. Figure 1 depicts the frequency density function estimates for the 1991 and 1994 earnings distributions.9 Over this period the shape of the distribution remained much the same.
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See Dickens (1996) and Gosling et al. (1995). However, most studies do not adjust earnings for age. See Gregg and Machin (1994) and OECD (1996) for an international comparison. 9 The kernel used is an Epanechnikov with width 2h = 200. Figure 1 (but not the data used to get the density estimate) is truncated at £5000 per month for clarity’s sake. The density estimates for 1992 and 1993 look very much like those shown in Figure 1. Thus, they have been omitted to obtain a better view. 8



8 Notwithstanding this, the most obvious changes are that the mode has moved towards higher earnings ranges although the extent of clustering has decreased (Table 1 shows that the median and the mean have also increased), and there is a higher frequency in the range of £2000 - £3000 per month. Given these relatively small changes in the shape of the distribution one would not expect great changes in inequality. Table 2 corroborates this intuition by reporting inequality values for three of the Generalised Entropy family of indices—the Mean Log Deviation (MLD), the Theil Index and half the coefficient of variation squared—and for the Gini coefficient.10 For all indices inequality decreases in 1992 and then increases. In general, though, inequality changed little over the four year period. Can these small differences in inequality be attributed to sampling errors of the estimates used to compute inequality? To answer this question I compute standard errors for the GE indices and the Gini coefficient using bootstrap methods, and use a standard difference-of-means test to check whether pairs of inequality values are statistically significant from each other.11 I find that inequality for any two consecutive years is statistically different. To reinforce this evidence I have also implemented an F-test whereby the equality of all inequality values is checked.12 Again the null hypothesis of equality is rejected in favour of the alternative one of different inequality values.
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The indices of the Generalised Entropy (GE) family Ic are identified by the value of the sensitivity parameter c. The smaller (bigger) the value of c, the more sensitive the index is to earnings differences at the bottom (top) of the distribution. The members of the GE family are given by n  x i  c  1 1 ∑   − 1 , c ≠ 0, 1, n c( c − 1) i =1  x   n 1 x , c = 0, I 0 = ∑ log n i =1 xi x 1 n x I1 = ∑ i log i , c = 1. n i =1 x x where n denotes the number of earners and x is mean earnings. I0 is the Mean Log Deviation (MLD). I



Ic =



will use the name Theil index for I1. The other index of the GE family I will employ is I2, which corresponds to half the coefficient of variation squared and is given by, 2  σ2 1 n  xi  I2 = ∑   − 1 = 2 x 2 , c = 2. 2n i =1  x  



The Gini coefficient is know to be more sensitive to earnings differences in the middle of the distribution. 11 Schluter (1996b) compares the relative performance of asymptotic approximations for some of the above indices and that of several bootstrap methods and concludes that bootstrap procedures produce narrower confidence intervals than asymptotic approximations. 12 See, for instance, Mood et al. (1974), p. 432-437.
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3.1. Mobility as Reduction of Inequality as the Time Interval for Earnings Grows It is common wisdom that inequality declines as the accounting interval for earnings grows. In other words, we would expect inequality to decline if earnings were measured over a time horizon of two years rather than one year.13 Furthermore, if we employ an inequality index which is a strictly convex function of incomes relative to the mean, inequality measured over a span of T years will be lower than the weighted average of the inequalities within each year. Using this simple proposition, Shorrocks (1978) proposes the following summary mobility measure I ( ∑ t =1 x t ) T



MT = 1−



(1)



∑



T t =1



wt I ( x t )



where I(.) is an index of inequality, x is a vector of income measures (e.g. earnings) and t = 1, ...,T, denotes time. Cross-section (annual) inequality is weighted using shares of earnings in year t in total earnings in the T year period. This index, then, measures the proportion by which inequality for earnings measured over a T year period is lower than a weighted average of cross-section inequalities. MT ranges from 0 (complete immobility or perfect rigidity) to 1 (perfect mobility). There is immobility if and only if (i) simple period relative inequality remains constant over time, and (ii) individuals do not change positions in the earnings distribution from period to period. At the other extreme, perfect mobility occurs when multi-period inequality, I(Σxt), is zero. That is, MT evaluates a situation as perfectly mobile when after T periods total earnings are equal for all individuals, and not when there is a complete reversal of positions in the income distribution.14 The comparison of Tables 2 and 3 confirms that inequality falls when measured over longer horizons. As the time horizon is increased, inequality decreases at a decreasing rate. For example, for the MLD, taking averages over inequality values obtained using the same time horizon, two-year inequality is 9.4% lower than one-year



13



The underlying logic is that multi-period inequality smoothes out temporal fluctuations (unless the cross-section distributions are identical over time). 14 See Section 5 for a discussion of these two notions of mobility.



10 inequality; and three-year inequality is only 3.5% lower than four-year inequality. This relationship, though is better captured by the mobility index MT. Table 4 displays mobility values for different time horizons. Inequality measured over a two year horizon is between 9.8% and 3.2% (depending on the transition and index used) lower than the average inequality in the two years. For a three year horizon, such reduction ranges from 4.9% to 13.4%; and when measured over four years the reduction goes from 6.5% to 17.0%. Mobility, as measured by MT, is smaller the more sensitive the inequality measure is to income differences at the middle of the distribution relative to differences at the bottom or at the top. As Table 4 shows, the time trend of mobility is quite sensitive to the index employed. Whether these mobility values suggest high or low earnings mobility is difficult to judge for, to the best of my knowledge, there are no other estimates of MT for British earnings data. In order to put my results into perspective I resort to other British studies where the variable under scrutiny is income, and to earnings studies for other countries. Therefore, in the following comparisons one should bear in mind all the numerous differences between these studies and mine (e.g. data sets, time period, etc.). Jarvis and Jenkins (1998) use a larger sample (men, women and children) of the first four waves of the BHPS to analyse income mobility in Britain. Although each of their inequality estimates are lower than mine, their mobility estimates are systematically higher. If these two set of results were fully comparable this would suggest that whereas male earnings inequality is higher than household income inequality, male earnings mobility is smaller than mobility of household income. As Jarvis and Jenkins put it “This result arises partly because our calculation for incomes uses a more extensive sample than male earners alone, and partly because changes in the number of households earners and female earnings mobility (in addition to male earnings mobility) offset the effects of income pooling within the household and transfer from the state” (p. 10).15 The analysis of this striking relationship between income and earnings mobility, which is not a particular of Great Britain alone,16 constitutes part of our future research agenda.
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Jarvis and Jenkins’s unit of analysis is the individual. Individual income corresponds to the net income of the household to which the individual belongs. 16 See Shorrocks (1981).



11 Buchinsky and Hunt (1996) use the NLSY (1979-91) to analyse earnings mobility in the US. Despite all obvious differences between the two studies,17 our estimates are similar.18 That is, according to the MLD earnings mobility, when time horizon ends in 1991, for the younger North American sample is roughly the same as for my British sample, where time horizon starts in 1991.



4. Labour Market and Earnings Transitions This section uses the whole male sample to analyse transitions within the wage distribution as well as between earnings quintile groups, no employment and missing. The transition probabilities derived in this section use unweighted data.19 In a given cross-section an individual can be either employed or not employed. If the individual is employed (full-time, part-time or self-employed), on maternity leave or in a government training scheme, and reports his earnings, he is assigned to one of the quintile groups. Those who are not in employment are classified into ‘unemployed’ and ‘other’. The latter includes: retired, family care, full-time students, long term sick or disabled, on maternity leave (and does not report earnings), in a government training scheme (and does not report earnings), or waiting to take up a job. Finally, the missing category includes those individuals who were sampled but were not interviewed, and those in employment who were interviewed but failed to report their earnings. Table 5 shows the transition probabilities between the states defined above for two consecutive waves. As one would expect, the unemployed are more likely to enter and leave unemployment through the lowest quintile. In particular, the higher the quintile group the lower the transition probability into and out of unemployment. On average, around 42 percent cannot get out from unemployment, and around 13% move to the ‘other’ state with no earnings. Much the same applies to the ‘other’ state. In this case, though the staying probabilities are much higher (75% on average).
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The most important ones being the nature of the sample (i.e. the NLSY is a cohort study of respondents aged 14-24 in 1979) and the period of study (the NLSY finishes the same year the BHPS starts). 18 See Buchinsky and Hunt (1996), Figure 3, panel b. 19 The use of weights would imply losing those observations present in period t but not in period t+1. Hence, we could not know from which state missing cases come from. Since one of the aims of this section is to provide an illustration of the possible implications of attrition I have chosen to work with unweighted data.



12 As far as attrition is concerned, each quintile group loses about the same proportion of individuals, though the bottom three quintile groups have a slightly bigger attrition problem than the top two. In general, attrition looks fairly unrelated to income group of origin. On the other hand, those in employment are less likely to go missing than those not in employment (i.e. unemployment or ‘other’). Amongst the missing cases, most of them correspond to individuals who were interviewed but failed to report their earnings. For the first two transitions only 5 per cent of missing cases correspond to ‘new entrants’, that is, individuals who were sampled and who were not interviewed in wave t but were interviewed in wave t+1. For the third transition, however, this proportion increases to 25 per cent of missing cases (not shown). Within those with earnings, quintile group transitions show persistence and short-range mobility. Staying probabilities increase over time. How does this picture change over a longer period? Table 6 shows transition probabilities for the longest period the data allow (i.e. wave 1 compared pairwise to wave 4). Annual transitions shown in Table 5 show that the labour market is not perfectly rigid. Thus, we expect longer term transitions to show even less rigidity (i.e. lower staying probabilities), unless annual transitions cancel out over time. The proportion of unemployed in both periods reduces to half of the annual proportion. Notwithstanding this, two thirds of those who exit unemployment to employment do not go further than the second quintile. Bingley et al. (1995), in their study of wage mobility in Denmark for the Eighties, conclude that since individuals move rather quickly from the lowest deciles, policy should focus on getting people out of unemployment. In this sense a minimum wage is a constraint on low paid jobs, and thus, it prevents them from taking part in the general upward wage mobility. The evidence over the four year period presented here does not support the same conclusion. Within the earnings distribution, staying probabilities fall twenty percentage points (but the highest which falls only half of that) in favour of movements to the nearest quintile groups. Comparing our results based on the BHPS with those of Dickens (1996) based on the New Earnings Survey (NES), we find that the BHPS depicts a less rigid labour market than the NES data. Dickens (ibid, section 2) compares the two data sets and concludes that due to the different nature of the two samples, the result we obtain is



13 likely to occur. In particular, because of the way the NES is derived (using National Insurance numbers), the NES is likely to undersample employees in small organisations, those who experience high rates of job turnover and, most importantly, individuals below the lower earnings limit.20



5. Measuring Mobility 5.1. Introduction The introductory section illustrates the multi-faceted nature of mobility, and indeed Section 3 provides a picture of the changing shape of cross-sectional distribution of earnings and a link between inequality of snapshots of the earnings distributions over time and the more dynamic analysis of earnings mobility. This section is concerned with the individual movements within the distribution over time. In other words it studies some of the facets of the intra-distributional mobility of earnings for the period 1991-1994. In doing so, I opt for a relative concept of mobility as opposed to the absolute one. That is, we look at relative changes in earnings levels of individuals rather than absolute ones. According to a relative concept the degree of mobility associated to a certain transformation would not be altered if all earnings are multiplied by the same factor.21 In contrast, the level of absolute mobility associated to a certain transformation would not be altered if the same amount is added to everybody’s earnings in both the initial and the final distributions of this transformation.22 Absolute mobility is more relevant if there is substantial earnings growth between the initial and the final distributions (e.g. doubling everyone’s earnings), and this is not the case for my sample—see Table 1.23
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See Ramos (1999), Section 6 for a more detailed discussion on the differences between the NES and the BHPS. 21 To be more precise, this corresponds to the concept of weak relative mobility. Then, a mobility measure m is weakly relative if m(λx , λy ) = m( x , y ) for all λ > 0; that is, if it satisfies the property of scale invariance. Yet, when our only concern is placed on the earnings shares we adopt a strong relative mobility concept. Then, a strongly relative mobility measure should be intertemporally scale invariance. More precisely, it must satisfy m(λx , δy ) = m( x , y ) for all λ, δ > 0 (Shorrocks, 1993) 22



In other words, an index of absolute mobility must comply with the translation invariance axiom. That is, it must satisfy m( x + α , y + α ) = m( x , y ) for all α. 23



In section 5.4.2 I decompose a relative index of mobility to see how much mobility is explained by economic growth alone (growth mobility) and how much mobility is due to the fact that individual’s earnings shares change over time, holding total earnings constant (transfer mobility). The decomposition suggests that nearly all mobility is due to transfer mobility.



14 The variety of issues that are usually related to mobility (see Section 1) reflects the multi-faceted nature of the concept. Thus, in order to have a complete picture of mobility we need to study each facet separately. In particular, I focus my analysis on three aspects of relative mobility that altogether pick up the concerns embodied in the different issues where mobility plays a relevant rôle. These are: (i) dependence of one’s final earnings state on her initial state or predictability of future earnings distributions; (ii) individual movement from the status quo; and (iii)welfare-based measurement of mobility.



Let me introduce them in turn. (i) State dependence or predictability: we have seen that mobility is often associated with more ‘open’ economies where there is more equality of opportunity. Although these are inevitably loosely defined terms, they are usually linked to the extent to which personal characteristics (such as talent, ability, effort or motivation) rather than parental background determine one’s position in the earnings distribution over time. In an intragenerational context these aspects of mobility can be captured by the extent to which final earnings (state) depend on initial ones. Obviously, if over time everybody has the same earnings as in the initial distribution, we would conclude that earnings do depend heavily on initial earnings level. Complete state independence is given by a situation where the probability of ending up in a particular state is the same, regardless of the origin earnings state, namely q-1, q being the number of states. In other words, each individual is facing a lottery with equiprobable outcomes (earnings states). From this point of view mobility might be identified with, insecurity, uncertainty, or unpredictability. So, the same situation can raise conflicting welfare issues. (ii) Movement: another aspect of mobility is movement per se. Atkinson (1981, p. 62) argues that the movement aspect of mobility may “...be viewed as an objective on its own right. Society may attach a positive weight to fluidity as such”. Again, if individual earnings do not change over time (absolute mobility) or change in the same proportion (relative mobility), the movement aspect of mobility will display zero mobility. Unfortunately, these two aspects of mobility do not always agree (and that is the reason of its separate study). Let me illustrate this point by means of a very simple



15 example. Consider the distributional transformations defined by the following transition matrices.  12 A = 1 2



1 2 1 2



  



0 1  B=  1 0 



When the concern is that of state (in)dependence or predictability aspect of mobility, process A describes perfect mobility. In contrast, when the aspect of study is that of movement, the perfectly mobile process is described by matrix B. Clearly, any attempt to measure these two aspects of mobility using the same summary measure may not identify the particular feature of interest. Thus, they require separate study. (iii) Welfare-based measurement of mobility: a very different perspective comes from the welfarist approach to mobility, where now, mobility is analysed in terms of its implications for welfare. As for all welfarist approaches to measurement, normative indices rather than descriptive ones are employed. Such indices gather together all value judgements in a social welfare function which, in turn, dictates the welfare levels of distributional transformations. From the large number of welfarist measures available in the literature,24 I choose a version of the influential measure proposed by King (1983) as modified by Jenkins (1994).25 Let us first have an overall picture of the bivariate distribution of earnings for each two consecutive cross-sections which may provide some intuition of the basic stylised facts. 5.2. Visual Inspection An intuitive way of describing the degree of mobility is by means of the scatterplot of two consecutive time periods. If each individual had earned the same as in the previous year, all points in the scatterplot would lie on the 45° ray from the origin. Alternatively, if all individual’s earnings had increased by the same positive factor (e.g.



24



To name but a few, see Atkinson (1981), Markandya (1982, 1984), King (1983), Chakravarty (1984) Chakravarty, Dutta and Weymark (1985), Dardanoni (1993). 25 King (1983) proposes his class of indices in the context of horizontal inequity measurement. King developed his class of indices assuming local constant absolute horizontal inequity aversion. However, King’s definition of horizontal inequity aversion is not constant (as he claims) but “a hybrid which is neither completely absolute nor relative” (Jenkins, 1994, p. 736). Jenkins (1994) proposes a new class of normative indices of relative horizontal inequity, where now, the horizontal inequity aversion parameter shows constant degree of relative horizontal inequity aversion. In fact, King’s class of indices is better seen as a special case of Jenkins’s.



16 average rate of growth) the scatterplot would depict a straight upward slopping line to the right or left of the 45° line depending on whether the factor is greater or smaller than one. Observe that in both cases relative mobility would be zero—regardless of the concept of mobility which one is looking at. In graphical terms, relative mobility occurs whenever the scatterplot does not consist of an upward sloping straight line from the origin.26 At the other end, the picture of perfect mobility differs with every aspect of mobility. The origin dependence and predictability aspect requires the points to be evenly spread (scattered) across the scatterplot. In a two-period time horizon (i.e. T=2), MT requires a line of slope -1 with intercept at Tµx, where µx is mean earnings (see Figure 2, lower line).27 That is, earnings in the second period should be equal to (2µx xi1), where xi1 denotes earnings of individual i in the first period. This implies that all those individuals whose earnings in period 1 are greater than two times mean earnings should have negative earnings in the following period. Clearly, perfect mobility is very unlikely to be achieved over short time horizons. According to the movement aspect, perfect mobility would occur when the scatterplot is that of the upper line in Figure 2.28 In the second period, the earnings of the worse off individual in the first period would correspond to those of the richest individual, the second worse off individual would get the earnings of the second better off one, and so on until there is a complete reversal of ranks. This discussion provides us with some hints about how to interpret mobility scatterplots of actual data. Figure 3 plots real earnings for pairs of consecutive crosssections for the three transitions covering the four year period,29 call them P1, P2, and P3. A simple glance at them is enough to show that most earnings are persistent, lying along



26



When the concern is absolute mobility the upward sloping straight line need not be through the origin For clarity in the exposition, here we assume that mean earnings is constant over time. The same holds for a time horizon longer than 2 periods, but notation becomes more cumbersome. A simple way to extend the time horizon while keeping this 2 period framework, is to view the first period as the result of the first T-1 periods. 28 Arguably this is but one of the possible solutions to the problem of maximising the sum of individual distances between earnings in two time periods: 27
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The solution(s) to this maximising problem will depend on the shape of the distribution of earnings. 29 Earnings were truncated at £5000 per month for the sake of clarity. This implied excluding less than 1% of the observations.



17 or around the superimposed 45 degree line. In particular, 62% of the earnings fall into the ± 15% band depicted by the rays. A 10% and a 5% bands contain around 50% and 32%, respectively, whereas in absolute terms, a range of ± £200 contains around 67% of earnings. Figure 4 constitutes a graphical representation of a transition matrix based on quintile groups. The lines represent the quintiles at t and t+1. The width (or length) of the income range defining income group boundaries varies, becoming narrower the closer they are to the mode. The high persistence of earnings over time is captured by the highly populated diagonal region. Hence, the intuition gained by means of simple diagrams is that final earnings do depend on initial ones, and thence they are fairly predictable. The movement aspect of mobility is also fairly low, that is, mobility is mostly short-range. Let i and j (i, j = 1, ...,5) be the quintile earnings groups of distributions at time t and t+1, respectively; and let (i = j) denote the main diagonal cells of a transition matrix. In spite of the persistency shown by the diagonal cells, a large group of individuals, mainly concentrated in cells (i = j±1), also experience significant changes in their earnings over time. Figure 5 is a picture of the bivariate kernel density estimate30 between t and t+1. On the one hand, the high density along the diagonal region corroborates the high persistence observed in the scatter plots, and, on the other hand, the not very steep sides of the ‘mountain’ corroborates the sizeable change in earnings experienced by some individuals. Moreover, the relatively high frequency of people at the top of the distribution in period t experiencing a decline in earnings that locates them at the bottom part of the distribution in t+1 suggests that such movements are not symmetric (see area around earnings at t = 2400 and earnings at t+1 = 500). 5.3. Predictability and Origin Dependence Much of the literature on mobility measurement makes use of stochastic processes in modelling the generation of the time paths of earnings (income) among individuals. The essential building block of these models is the transition matrix P = 30



The Kernel used is a squared Epanechnikov. For a discussion of the specific functional form and for why this kernel is convenient, see Silverman (1986, p. 76 ƒƒ). I implemented it using Quah’s tSrF Econometric shell (1996) assuming that the data follows a first order Markov process.



18 [pij], where pij stands for the probability of moving to earnings state j from state i within q



a unit interval of time. Note that



∑p



ij



= 1 , and therefore the probability vector (pi1, ...,



j =1



piq) may be seen as the lottery faced by an individual with earnings in origin class i. Such a discrete stochastic setting of mobility is convenient for studying origin (in)dependence and predictability aspects of earnings mobility as well as other features embodied in the transition matrix. However, a transition matrix does not enable us to study individual earnings growth since it takes no account of the fact that all observations falling into the same cell do not experience the same earnings change. Additionally, any partition of the support of the earnings distribution into earnings groups is to be arbitrary. Sub-Section 5.4.2 adopts a continuous (as opposed to discrete) setting and overcomes most of these problems. Let us first analyse in more detail the graphical intuition and characterise the transition matrices governing the discrete dynamic processes of earnings. Table 7 presents the quintile-based transition matrices using frequency counts corresponding to the 3 one-year transitions.31 The transition probabilities quantify the two stylised facts noted by using graphs. First, the high persistence of earnings differs between quintile groups: for the extreme quintile groups the probability of remaining in the same relative position in t+1 is about 0.7, significantly higher than that for the remaining three middle quintile groups which amounts to around 0.55 - 0.6. Why this difference? Given that such a difference persists for thinner partitions, it is plausible to explain it in terms of the extreme quintile groups being end points. That is, the first and last quintile groups are wider than the rest. Therefore, the very same quintile jump that allows moving out of middle quantile groups does not suffice in the case of the bottom and top quintile groups. In any case, the probability of staying rich (fifth quintile group) or poor (first quintile group), that is the conditional probability of being in the fifth or first quintile group in t+1 given the same relative position in period t, is noticeably higher than the probability of staying in a certain middle quintile group. Notwithstanding this, all rows display high predictability
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Frequency counts are the maximum likelihood estimates of the transition probabilities of a nonstationary first order Markov process (Anderson and Goodman, 1957, p. 92). For more on the stochastic process that best fits the data and its stationarity properties, see Section 6.



19 and origin dependence —recall that a transition matrix P* = [1/q] with equal transition probabilities in all cells would display no predictability and no origin dependence. Second, those experiencing changes over time are much more likely to jump to the adjacent quintiles than to quintiles further away from the origin quintile (see next sub-section). The information contained in a transition matrix may be summarised by a mobility measure. Shorrocks (1978) shows that for all P with a maximal diagonal the reciprocal of the harmonic mean of the mean exit times (MET) is a suitable index to summarise the predictability and origin (in)dependence aspects of mobility.32 Observe that MET: MET =



q − tr (T ) q −1



scores one (perfect mobility) if all transition probabilities are the same, i.e.∀ P | pij = 1/q ∀ i, j. According to the MET, mobility follows a U-shaped trend between waves 1 to 4, thus, falling slightly in the second transition. More concretely, the index value for the three transitions is 0.43, 0.41 and 0.43, respectively. Are these changes in the mobility index statistically significant? Given that sample estimates of the MET index are asymptotically normally distributed,33 we can apply a test on the equality of several means to test the hypothesis that several indices computed on independent samples are
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Actually the condition is weaker than that. If we want a mobility measure that (i) reports higher level of mobility as off-diagonal cells of the matrix increase at the expenses of the diagonal (i.e. satisfies the monotonicity axiom), and (ii) assigns the maximum value of the index (i.e. perfect mobility) to matrices with identical rows (e.g. matrix A, above), we have to restrict the analysis to the subset of matrices which have quasi-maximal diagonals. P has a maximal diagonal when the probability of staying in the same quantile is no less than that of moving out (i.e. pii ≥ pij ∀ i, j). Then, we say that P* has a quasi-maximal diagonal when there exists positive µ1,..., µq such that µi pii ≥ µj pij ∀ i,j. This is not a very restrictive condition since for most observed transition matrices higher probabilities tend to cluster on the main diagonal, as with those in this study.
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q   q − ∑ pii 1 i =1 , Schluter (1996a) shows that MET → N   q − 1 (q − 1) 2  



  pii (1 − pii ) / ni  , where q ∑  i =1   q



denotes the number of partitions defining the transition matrix, pii is the probability of staying in partition i in period t+1 conditional on she being in partition i in period t; and ni is the total number of observations in each row i.



20 statistically significantly different.34 This test suggests that the estimates of the index are not statistically different from each other.35 Since the index is nothing but a way of summarising the information contained in the transition matrices, we would expect the latter also to be very similar. In order to test this intuition we use a multinomial test. More formally, we want to test the null hypothesis H0: p1j = p2j = pj for two populations i = 1, 2, with associated probabilities pij, j = 1, ..., q. This way we test the null hypothesis that two rows of the transition matrices are identical. Combining the test statistics for the different rows we can test the equality of two matrices.36 We have applied these tests to check the equality of P1 and P2; P2 and P3, and finally P1 and P3. All the row tests but one lead us to accept the null hypothesis of equality, at a significance level of 10%.37 On the other hand, the values of the combined test are 15.07, 24.04 and 23.80 respectively, which also lead us to accept the null hypothesis at the same significance level. Therefore, we conclude that the three transition matrices are identical, or in other words that the stochastic process underlying the transitions is stationary. Later on we test this finding more rigorously, but first let us check the intuition that the matrices are not symmetric. Table 8 shows the maximum likelihood estimates (MLE) of the stationary transition probabilities for our data.38 To test whether pij = pji ∀ i, j, we employ a likelihood ratio test39 (Bishop et al., 1988, p. 283). The value of the statistic is 50.47, which exceeds the critical value at 1%.
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See, for instance, Mood et al. (1974), p. 435. The value of the test is 2.09. The test has an F2,12 distribution (= 3.89). Therefore the null hypothesis of equality of means cannot be rejected. 36 For the “row test” see, for instance, Mood et al. (1974), p. 449; and for the combined test see Amemiya (1985), p. 417. 37 The test for the forth row of the last pairwise comparison, P1 and P3, only accepts the null hypothesis of equality at 1% significance level. 38 The MLE for stationary transition probabilities are: 35
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where nij is the actual number of observations falling into the cell defined by row i and column j. 39 The likelihood ratio test takes the form:



χ =∑ 2



i> j



(nij − n ji ) 2 nij + n ji



where nij is the observed count in the cell (i, j). Under the null hypothesis of symmetry the test statistic is distributed as chi-squared with k(k-1)/2 degrees of freedom, k being the size (or number of earnings groups) of the transition matrix.



21 Hence, this test corroborates the former intuition drawn from the bivariate kernel density estimation that the (stationary) transition matrix is not symmetric. In fact, the stationary transition probabilities displayed in Table 8 suggest that there is a dominant upward mobility, especially for the first two earnings groups. Notice that short range upward mobility is always greater than short range downward mobility, that is, pij > pji ∀ |i - j| = 1; and that long range downward mobility is nearly always greater than long range upward mobility. More formally, pij ≤ pji, ∀ |i - j| > 1. On average an earner is more likely to move one quintile up than one down (i.e.
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pij 5



pij 5



= 15.6% ,∀ i, j = i+1; whereas



= 12.3% ,∀ i, j = i-1). However, for movements exceeding one quintile the



reverse applies (i.e.



∑ i



pij 5



= 2.5% ,∀ i, j > i+1; whereas



∑ i



pij 5



= 3.7% ,∀ i, j < i-1).



5.4. Movement Mobility is often seen as a process that moves individual earnings away from the earnings they had in the reference period. In such a context, the relevant reference point is maximum distance rather than distance to an optimum. Take the discrete case as an example. When concerned with the origin dependence aspect of mobility P* describes the situation of perfect mobility. However such a matrix does not display maximum distance. This is not only true for the discrete case. The Department of Employment (1973) uses a simple measure such as 1 - r(yt, yt+1), where r(yt, yt+1) denotes the correlation coefficient between yt (earnings in period t) and yt+1, which captures rather well the movement aspect of mobility but fails to capture the origin independence aspect of it. Sub-section 5.4.1 adopts the framework of the previous sub-section and analyses the movement facet of mobility in a discrete fashion. Transition matrices, however, conceal an important dimension of earnings mobility: the actual earnings change experienced by each individual. Working with a continuous earnings variable, i.e. not using earnings categories, sub-section 5.4.2 measures the movement aspect of mobility using an index based on relative earnings changes (as opposed to ranks).



22 5.4.1. Discrete Case



Unlike the summary measure employed to capture origin (in)dependence, in order to measure the degree of movement in a given transition matrix we require an index that reports maximum movement for P** such that for i, j | j=(q-i+1), pij =1; and pij = 0 elsewhere. A measure satisfying such condition is the average jump, AJ: AJ =



(2)



∑ ∑ | i − j| p i



ij



j



q



which computes the expected jump in terms of quantiles. In order to assess whether the average jumps are ‘big’ or ‘small’ AJ is normalised by dividing the actual index by its maximum attainable value.40 The normalised indices range between 0 (no movement) and 1 (maximum movement). Note that in this context the MET index is not appropriate since it entirely omits the behaviour of the movers. That is, as long as the proportion of stayers remains constant, MET will remain constant: no matter whether movers move to the highest or to the next quantile. In this sense, AJ is more informative and reports some degree of movement.41 Throughout, the analysis is done using several breakdowns to check the robustness of the conclusions drawn with respect to the partition chosen (not shown). Qualitative results are robust to the partition used (i.e. the mobility transition ordering does not depend on the partition used). Of course, in cardinal terms, the amount of mobility does depend on the quantile used to partition the sample. For the AJ, the finer the partition the greater the AJ is expected to be, reflecting the fact that movements that did not cross the quartile-border while using thicker partitions will cross it with finer partitions. Note that in Table 9 the normalised value of this index does not change much
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These are 2, 2.5 and 5 for quartiles, quintiles and deciles, respectively. These values correspond to the case in which the transition matrix has ones along the diagonal defined by the top right and the bottom left cells. 41 However, if computed over the entire sample, that is over movers and stayers altogether, its value will be relatively low due to the zero contribution of the stayers (e.g. the average jump for partitions up to deciles is less than 1 quantile). In order to describe the behaviour of the movers independently from the stayers the average jump conditional on moving would be a more suitable measure, call it Mover’s Average Jump (MAJ). That is, now for each i (row)
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ij



= 1 , i ≠ j. Obviously, we expect MAJ to be



j



much higher than AJ. Note that AJ and MAJ will not likely be ordinally consistent when staying probabilities are high and the average jump conditional on moving is also high. As for the ordinary average jump, normalised values can also be provided.



23 across partitions. In the limiting case where each individual constitutes a quantile (referred as N-tiles in Table 9) AJ becomes a sort of reranking measure, taking the following form:42 AJ =



(3)
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since now pij = 1 ∀ i, j (recall that there is only one individual in each quantile) and q = N (there are as many quantiles as individuals in the sample). Were we interested in measuring movement as a sole function of ranks, this limiting case would provide the most obvious candidate. A major drawback of such indices is that they are insensitive to the amount of earnings change (see next sub-section). Unfortunately, the present literature does not provide a method embodying both the amount of reranking and the amount of earnings change occurred in a distributional transformation. The Average Jump for the first transition by quintile groups amounts to 0.44 quintiles which represents 18% of the maximum possible jump.43 Over time movement slightly decreases in the second transition, implying off-diagonal transition probabilities shrinking toward the main diagonal. The bootstrapped standard errors suggest that the estimates are precise. These estimates of AJ are slightly higher than those obtained by Dickens (1996) using a balanced panel from the New Earnings Survey (NES). As noted above, the difference may be due to the different nature of our samples. In short, the NES undersamples individuals with weekly earnings below the income tax threshold and individuals who have a greater propensity to change jobs. In terms of mobility, this implies that the NES is likely to yield lower estimates than the BHPS. Table 9 gives average values for each transition. A more detailed look quintile group by quintile group reveals that different quintile groups behave very differently. On one hand, individuals belonging to middle quintile groups are more likely to move, and conditional on moving their average jump is the largest of all; and on the other hand, individuals located at the bottom end of the distribution are more likely to move than those at the top end but their jump is expected to be shorter than the latter’s.
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In this case the maximum value is 854. Conditional on moving, the average jump for the first transition by quintiles amounts to 1.33 quintiles which represents 53.2% of the maximum movement. Ordinally, though, both MAJ and AJ rank the movement in the three transitions in the same way. 43



24 When these two aspects are put together Table 10 shows that obviously middle quintile groups experience more movement than end quintile groups; and in the first and last transition, top quintile groups experience more mobility than bottom ones due mainly to an increase in the staying probabilities for the top quintile groups in the second transition. 5.4.2. Continuous Earnings Case



So far the analysis has built on stochastic transition matrices of earnings states in two consecutive time intervals. Individuals have been classified into a certain number of earnings states and the analysis has focused on the movement between earnings states. Therefore, individuals with different earnings change but who nevertheless fall into the same earnings category are said to experience the same degree of mobility (however defined).44 Clearly such a discrete approach to mobility is insensitive to actual earnings changes: on one hand it does not take due account of relatively small earnings changes (when individuals stay in the same state over time), and on the other it scores the same amount of mobility for different earnings changes (when individuals jump from one state to another). This section studies the movement aspect of mobility drawing particular attention to each individual’s relative earnings change. Let us first illustrate our point by quantifying the amount of movement that the previous discrete analysis does not take into account. Table 11 reports (the absolute value of) the average earnings growth rate divided by the standard deviation for each pair of quintile groups defining the standard transition matrix primitive of all the earlier discrete analysis.45 Notice that along the main diagonal the standard deviation is more than twice the mean average growth rate. In terms of ranks, for any quintile group containing more than one observation there may be some reranking within the quintile group which is not measured as ‘movement’. For example, the average jump calculated as in (3) within quintile groups is 40.56 for the first transition. That is, quintile-stayers move, on average, 40 positions (up or down).
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In other words, two jumps involving relative earnings change of 1 and 50 percent will result in the same mobility value if both jump the same number of states. 45 The ratios for the other two transitions are very much alike to those shown for the first one.



25 An obvious measure of movement is Mr = 1 - r(yt, yt+1), where r(yt, yt+1) denotes the correlation coefficient between yt (earnings in period t) and yt+1. According to Mr the movement aspect of mobility decreases over time (the index yields 0.20, 0.15 and 0.13 for the three transitions). Such a simple measure captures rather well the movement aspect of mobility. However there are better ways to capture the degree of movement that take place when going from a distribution, say yt, to another, say yt+1 (i.e. in the transformation yt → yt+1). Fields and Ok (1996) axiomatically develop the following relative measure of (overall) mobility, M FO =
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This is very appealing to the applied researcher because of its simplicity (and yet sound characterisation) and because of its decomposability into transfer and growth mobility.46 This index confirms the pattern outlined by the simpler correlations: overall earnings mobility decreases over time, with values equal to 0.183, 0.172 and 0.171. When decomposed, not surprisingly, nearly all of it is due to transfer mobility. In other words, mobility is mainly due to the fact that individuals have different earnings shares over time rather than due to an increase in total earnings. Note that MFO belongs to the class of distributional change indices characterised by Cowell (1985, Theorem 1, p 140). Sometimes we may also use other indices of this class. In particular, Cowell’s index of distributional change with parameter set to zero and -1 describe a rather flat mobility trend.47 5.5. Mobility as measured by its Welfare implications This sub-section is concerned with the ethical measurement of mobility. Now “mobility is seen in terms of its implications rather than from a direct consideration of what is meant by mobility” (Atkinson 1981, p. 71). In order to measure this aspect of mobility I employ a summary statistic of the rankings observed in the transformation yt → yt+1 proposed by King (1983) and modified by Jenkins (1994).
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These components are akin to exchange and structural mobility commonly used in sociological analysis of class mobility. 47 The values for the three transitions and parameters equal to zero and -1 are: 14.67, 14.67 and 14.69; and 14.64, 14.66 and 14.70, respectively.
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where v is a parameter of vertical inequality aversion, m is the constant degree of relative immobility aversion parameter (m ≥ 0), and zi = ψ (y, |yi - xi|) is a function denoting the degree of mobility of individual i.48 Over time, earnings mobility, as measured by its welfare implications, behaves much in the same way as it did when measured to capture its origin independence aspect: the second transition shows less mobility than the other two.49 M0,1 = 0.135, 0.128 and 0.131 for the three pairs of waves.



6. Modelling Discrete Earnings Dynamics We have a fair amount of evidence suggesting that the transition probabilities do not vary with time but are stationary: I found the MET mobility index to be constant over time, and the transition matrices to be equal on the ground of a pairwise comparison. Stationarity would mean that the probability, pij, of moving to earnings state j from earnings state i within a unit interval of time (i.e. one year) is constant over time. Then, the null hypothesis we want to test is: H0: pij(t) = pij ∀ t, i, j. Using the pij ) and non-stationary ( p$ ij ) transition probabilities pij, two tests can MLE of stationary ( ~ be employed.50 On one hand, the likelihood test is:



We assume that ψ is continuously differentiable and increasing in its second argument; the value of the function when mobility is zero (i.e. yi = xi ∀i) is one; and the degree of individual mobility is invariant to equiproportionate increments to all incomes (i.e. ψ(λy, |λyi - λxi|) = (ψ(y, |yi - xi|)). Note that King’s Scaled Order Statistic is a special case of zi defined this way (Jenkins, 1994, p. 728). 49 This result is robust to several mobility aversion parameters (holding the vertical aversion parameter equal to zero). 50 If the identity of the transition matrices P1, P2 and P3 had been tested all at once instead of on a pairwise comparison basis, the tests used next would not provide any further information. However, due to the pairwise fashion on which the identity of the three transition matrices have been tested, both the likelihood ratio and the χ2-test constitute a more statistically rigorous (and hence more reliable) way to test for stationarity. 48



27 pij − log p$ ij (t )] log λ = ∑ ∑ ∑ nij (t ) ⋅ [log ~
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and -2logλ is asymptotically distributed as χ2 with (T-1)[q(q-1)] degrees of freedom. On the other hand, we can also use the χ2-test. If the null hypothesis is true the statistic takes the form: [~ pij − p$ ij (t )]2 χ = ∑ ∑ ∑ n i ∗ (t ) ⋅ ~ p 2
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where ni∗ (t ) = ∑ nij (t ) is the row total for the transition starting at year t. This statistic j



is asymptotically distributed as χ2 with the same degrees of freedom as the other one. Anderson and Goodman (1957) warn that if the null hypothesis is not true, the power of the two tests can be different.51 Taking due account of their warning, I proceed to perform both tests. The value of the test statistics are 42.59 and 41.83, respectively, which do not exceed the critical value of a χ2 (60) = 74.4 at 10% confidence level. Hence, both test confirm the previous evidence of stationarity. Note that I am assuming that the same transition probabilities hold for each individual in the sample, i.e. I am assuming homogeneity. Since transition probabilities may vary from individual to individual depending on certain characteristics in the next sub-section I examine the effects of some observable and unobservable characteristics on the dynamic process of earnings. So far we know what the bivariate distribution of earnings looks like; that the transition probabilities do not depend on time, and that the transition matrix is not symmetric. Next I investigate the extent to which the process has ‘memory’. Does the earnings state of an individual at time t depend solely on his earnings state at period t-1? Or does, alternatively, his state in, say, t-2 also influence the outcome at period t? If the answer to the first question is positive the process underlying earnings dynamics is best
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The power function of a test plays the same role in hypothesis testing that mean squared error plays in estimation. More formally, if the distribution from which the sample is obtained is parameterised by θ, the power function of a test T of the null hypothesis Ho is defined as the probability that Ho is rejected when the distribution from which the sample was obtained was parameterised by θ. The ideal power function would score zero for those θ corresponding to the null hypothesis and unity for those θ corresponding to the alternative hypothesis (for more on the power of a test see Mood et al. (1974) p. 406). In my case, Anderson and Goodman (1957) show that under the null hypothesis, if the values of pij(t) are not fixed the two tests are not asymptotically equivalent (p. 108).



28 modelled by a first-order Markovian model.52 At a theoretical level first-order Markovian models are appealing for their simple structure. However, in practice, empirical studies tend to reject the Markov assumption (see e.g. Atkinson et al. (1992)). For example, Shorrocks (1976) rejects the first-order Markov property in favour of a slightly more complex model which allows for transition rates to depend on both current income and income in the previous period. As we will show next, this is also the case of earnings transitions over the (almost) first half of this decade. In particular, we want to check a first-order Markov against a second-order Markov model; the latter being the right model if the answer to the second question above were positive. Let P = [pijk] denote the conditional probability of being in state k at time t, given states i and j at (t-2) and (t-1), respectively. Our null hypothesis is that a stationary firstorder model has greater explanatory power, H0: p1jk = p2jk = ... = pqjk = pjk ,∀ j, k; and the test statistic, namely, the likelihood ratio can be expressed as: p jk − log ~ pijk ] log λ = ∑ ∑ ∑ nijk ⋅ [log ~
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where, as before, -2logλ is asymptotically distributed as χ2, this time with [q(q-1)2] degrees of freedom.53 The test yields a value of 487.2, strongly rejecting the null hypothesis of a first-order in favour of a second-order stationary Markov chain. Note that when testing first- versus second-order Markov we have implicitly assumed stationarity. Thus the question to tackle next is whether a non-stationary
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It is important to distinguish between the stationarity of a stochastic process (i.e. pij not depending on time) and the memory of the stochastic model we try to fit. The first refers to whether the pij ’s change or not over time; whereas the latter refers to the right conditioning (specification) of the probabilities. An example may be of help here: as explained in the text, a first-order Markov chain implies that the probability (pij) of being in class j at time t+1 only depends on the class i occupied at time t. So far we have just dealt with the memory of the stochastic process. If the pij ’s do not change over time (i.e. the process is stationary), that is, pij (t) = pij ∀ i, j, t, the distribution of earnings (or variable under study) at time t (Dt) can be obtained according to the following relationship: Dt = Pt D0 where P = [pij] is a stochastic matrix. Alternatively, if the pij ’s do change over time (i.e. the process is non-stationary), that is, pij (t=0) ≠ pij (t=1) ≠ ... ≠ pij (t=T-1); Dt = [P1⋅P2⋅...⋅PT-1]⋅D0. 53 Note that the MLE of stationary second-order transition probabilities, ~ pijk is: T
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29 second order process has a greater explanatory power than the stationary one used thus far. More formally, we are going to test: H0: pijk (t) = pijk ,∀ i, j, k, t; employing the same two test statistics used to check for stationarity assuming a first-order Markov—(5) and (6). Of course, the difference lies in the MLE of the transition probabilities, and the degrees of freedom of the χ2, since the number of independent restrictions now equals (T-2) [q(q-1)2]. The values of the likelihood and χ2-test are 119.2 and 103.7 respectively which do not exceed the critical value of a χ2, (160) at 10% confidence level. Therefore a second order stationary process has greater explanatory power than a non-stationary one. Finally, we have tested whether the process has longer memory than that implied by a second-order model. In particular, we want to know whether when conditioning transition probabilities of being in state l at time t on the state occupied at t-3 (as well as on the states occupied at t-2 and t-1) the model fits the data better than a model where transition probabilities are only conditioned on the state occupied at t-2. The null hypothesis to test is: H0: p1jkl = p2jkl = ... = pqjkl = pjkl ,∀ j, k, l; and the test statistic (7), can be now expressed as:54 p jkl − log ~ pijkl ] log λ = ∑ ∑ ∑ ∑ nijkl ⋅ [log ~
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where, as before, -2logλ is asymptotically distributed as χ2, this time with [q2(q-1)2] degrees of freedom. The test statistic takes the value of 388.32 which leads us to accept the null hypothesis of a second-order stationary Markov process. In sum, we have started off by considering the simplest model (i.e. first-order Markov chain) and we have proceeded by means of simple tests to find that earnings transitions follow a stationary process whose memory extents over two years. A general to specific testing strategy, whereby one starts off assuming the most general model and tests the validity of some restrictions in order to obtain simpler models, would not have changed the outcome.55 Markov Process with Heterogeneity
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Note that



~ p jkl ≡ ~ pijk in (7), and that for our case, with only four periods of data available,



~ pijkl = pijkl . 55



See Maddala (1987) p. 313 for a case (in a very different setting and using regression models with continuous dependent variables) where the modelling strategy does matter in model selection.



30 Up to now I have assumed that the same transition probabilities hold for each individual in the sample. However, transition probabilities may vary from individual to individual depending on certain characteristics and indeed the process governing earnings dynamics may differ amongst individuals with different characteristics. In this sub-section I examine the effects of some observable and unobservable characteristics on the dynamic process of earnings. Further analysis on the earnings dynamics of some population subgroups is developed in Ramos (1998), Chapter 5. First I partition the sample according to the education level of the individual and treat each group as homogeneous. Due to small cell numbers the population is partitioned only into two education groups corresponding to high and lower level of education.56 Then I investigate whether the process is stationary and whether the order of the Markov chain differs between groups and between these and the sample as a whole. This same exercise is done using age as the stratifying characteristic. In this case, the sample is partitioned into those age less than 41 years and those aged more than 40 years in 1991. Second, to take account of unobservable heterogeneity I examine the stationarity and memory of the Markov process followed by earnings residuals from a random effects regression of log earnings on certain covariates. If the sample is partitioned into either two education or two age groups, each group’s earnings follow the same process as for the combined data.57 That is, a secondorder stationary Markov chain. Narrower partitions where individuals are classified according to more than one characteristic may lead to different conclusions but small cell numbers prevent me from investigating this.



56



The ‘high level of education’ group includes individuals with a first or higher degree, teaching qualifications, nursing and other higher qualifications. The ‘lower level of education’ group includes individuals from A and O levels, commercial qualifications, apprenticeships, other qualifications and no qualifications. 57 In particular the test statistic values for the different samples and tests are (the degrees of freedom, in parentheses, are the same as for the whole sample): Stationarity [5] - [6] Sample



Likelihood test (60)



χ2(60)



1st vs. 2nd Order [7]



2nd vs. 3rd Order [8]



χ2(80)



χ2(400)



Young 39.8 34.9 283.5 262.5 Older 50.6 49.8 355.5 287.5 High Education 44.3 42.8 259.9 245.8 Low Education 37.7 34.8 357.8 283.5 Numbers in squared brackets correspond to the expressions of the tests given in the text.



31 Instead, I employ a different method. This examines the dynamics of adjusted earnings, defined as the residuals from a random effects regression of log earnings on years of education, experience, experience squared and wave dummies. Now quintile transition probabilities are not stationary any longer. Both, the likelihood test (=121.3) in (5) and the χ2-test (=129.1) in (6) reject the null of stationary transition probabilities. Given this evidence I assume a non-stationary process and test a first-order Markov against a second-order Markov model. The null hypothesis is that the process follows a first-order non-stationary model, H0: p1jk = p2jk = ... = pqjk = pjk ,∀ j, k; and the likelihood ratio can be expressed as: log λ = ∑ ∑ ∑ ∑ nijk (t ) ⋅ [log p$ jk − log p$ ijk ] t



i



j



k



where, as before, -2logλ is asymptotically distributed as χ2, this time with Tq2 degrees of freedom. The test yields a value of 832.1, strongly rejecting the null hypothesis of a first-order in favour of a second-order non-stationary Markov chain. In sum, when heterogeneity is taken into account the process becomes nonstationary but the memory of the process governing earnings transitions still extends over more than one period.



7. Summary and Conclusions This paper draws on the first four waves of data of the British Household Panel Survey (BHPS) to analyse the statics and dynamics of the earnings distribution in the early nineties, and answers the question: is Britain close to a Legoland type society where individuals move up and down the earnings ladder over time, or is it more similar to a Jigsawland type society where individuals are stuck in the same step? I find that the British male earnings distribution is by no means close to Legoland and much closer to Jigsawland. To derive this answer I look at earnings inequality, characterise transition probabilities and model earnings dynamics as a purely stochastic process. Over the first four years of this decade the shape of the earnings distribution changes little, and so does inequality. In particular, annual inequality decreases in 1992 (W2) and increases in the subsequent years. Over the four year period annual inequality falls slightly.



32 When inequality is measured for earnings over the whole four-year-period, it falls by 17% (according to the MLD). In general, the data corroborate the intuition that inequality falls as we extend the time horizon over which earnings are measured. This implies some degree of mobility in the British earnings distribution. In order to quantify the degree of mobility and to show its pattern I have estimated the transition probabilities between quintile groups of the distribution—the results are robust for other quantile partitions. Year to year transition matrices are characterised by high stayer probabilities (larger for the bottom and top quintile groups) and short-range movements. Furthermore, transition probabilities do not change over time and the transition matrix is not symmetric. On average an earner is more likely to move one quintile up than one down, and for longer movements the reverse applies. All the information contained in a transition matrix or joint distribution can be summarised by a mobility index. At this point, the analyst has to face the lack of consensus regarding the definition of mobility. This lack of agreement is due to the multi-faceted nature of mobility. Motivated by the wide range of concerns which mobility is viewed to serve, I have analyse mobility under three complementary headings: (i) predictability or state dependence; (ii) movement; and (iii) welfare implications. Despite capturing different aspects of mobility, the picture which emerges from each approach is always the same one. Namely, mobility is rather low and it decreases slightly in the second transition. In addition, for the only case where the asymptotic distribution of the measure employed is known, the slight differences in mobility values are not statistically significant. This result is consistent with the finding of stationary transition probabilities. Such an unanimous verdict is not at all surprising when one bears in mind that the basic difference between the mobility concepts is the definition of perfect mobility. Since the British reality is far from that point, the various indices employed point to the same conclusions. The short length of the panel may also contribute to this result. One drawback of all this analysis based on transition matrices is that it is insensitive to actual earnings changes. When we focus on individual’s relative earnings change rather than on ranks, measured mobility displays a flat trend.



33 Finally, when mobility is modelled as a discrete stochastic process, and one does not take into account the heterogeneity in the sample, we discover that, unlike the often used assumption of first order, earnings are best described by a second order Markov chain. That is, the earnings state of an individual depends on his earnings state in the two previous periods. When heterogeneity is taken into account, however, the process becomes non-stationary but the memory of the process governing earnings transitions is also found to extend over more than one period. Avenues for further research include understanding why there is more income mobility than earnings mobility, and engaging in multivariate analysis to explain the transitions I found in this descriptive study. In this respect most of the literature concentrates on explaining low-earnings (or poverty) transitions using either a two state Markov model with exogenous variables (Boskin and Nold, 1975), or using duration models. Following the suggestions of Amemiya (1985)58 the two state model with exogenous variables can be generalised to n states to explain transitions into and out of earnings quantiles. Other possibilities include the use of switching regressions as in Bingley et al. (1995). They estimate the determinants of upward and downward wage mobility and use a switching regression model to allow the mobility functions to differ according to decile of origin. Finally, error component models can be used to study of the covariance structure of earnings. These models reveal the relative importance of the permanent and the transitory components of individual earnings and thus helps us understand the dynamics of earnings. Ramos (1999) analyses the covariance structure of British male earnings using the BHPS.



58



See Section 11.1.4, p. 428.
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Mean Earnings Median Earnings No. observations



Table 1: Sample Statistics Wave 1 Wave 2 Wave 3 1334.5 1335.6 1340.4 1158.6 1190.6 1183.0 1708 1708 1708



Wave 4 1372.8 1202.6 1708



Table 2. Earnings Inequality (Index*100) and Standard Errorsa (*100)



Wave 1 Wave 2 Wave 3 Wave 4 a



I0



I1



I2



Gini



18.55



17.13



21.34



30.88



(0.91)



(0.93)



(1.79)



(0.69)



16.30



14.97



17.30



29.44



(0.74)



(0.71)



(1.19)



(0.62)



16.74



15.96



19.44



30.27



(0.75)



(0.86)



(1.90)



(0.64)



17.49



16.56



20.56



30.54



(0.85)



(0.92)



(1.75)



(0.70)



I0 is the Mean Log Deviation with sensitivity parameter c = 0. I1 is the Theil index (c = 1). I2 is half the coefficient of variation squared (c = 2). Bootstrapped standard errors in parentheses: 1000 replications.
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Table 3. Earnings Inequality for Different Time Horizons. (Index*100)a Inequality Index I0 I1 I2 Gini



W1 - W2



15.98



14.81



17.43



29.14



(0.74)



(0.72)



(1.26)



(0.61)



W1 - W3



15.02



14.25



16.76



28.68



(0.69)



(0.72)



(1.30)



(0.62)



W1 - W4



14.33



13.92



16.59



28.33



(0.65)



(0.72)



(1.32)



(0.61)



W2 - W3



15.38



14.50



16.98



29.00



(0.68)



(0.71)



(1.31)



(0.60)



W2 - W4



14.68



14.20



16.95



28.62



(0.65)



(0.73)



(1.37)



(0.60)



W3 - W4



15.55



15.20



18.72



29.44



(0.73)



(0.88)



(1.80)



(0.67)



a



I0 is the Mean Log Deviation with sensitivity parameter c = 0. I1 is the Theil index (c = 1). I2 is half the coefficient of variation squared (c = 2). Bootstrapped standard errors in parentheses: 1000 replications.



Table 4. Earnings Mobility for Different Period Lengths. (Index*100)a I0 W1 - W2 W1 - W3 W1 - W4 W2 - W3 W2 - W4 W3 - W4 a



Mobility Indexb, MT I1 I2



Gini



8.35



7.74



9.82



3.40



(0.75)



(0.78)



(1.44)



(0.31)



12.64



11.09



13.44



5.03



(0.96)



(0.80)



(1.23)



(0.37)



17.01



13.89



15.65



6.47



(1.06)



(0.93)



(1.35)



(0.42)



6.90



6.26



7.63



2.87



(0.62)



(0.49)



(0.72)



(0.23)



12.85



10.33



11.31



4.88



(0.90)



(0.72)



(0.99)



(0.34)



9.12



6.54



6.43



3.19



(0.95)



(0.64)



(0.85)



(0.30)



Bootstrapped standard errors in parentheses: 1000 replications. See Trede (1994) and Schluter (1997) for statistical inference for mobility measures. b I0 is the Mean Log Deviation with sensitivity parameter c = 0. I1 is the Theil index (c = 1). I2 is half the coefficient of variation squared (c = 2).
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Table 5. Labour Market and Earnings Transitions Between Two Contiguous Periods. Quintile Groups. Wave 1



Wave 2 Positive Earnings Quintile Group



No Earnings



Missing



Margin



1st



2nd



3rd



4th



5th



Unempl.



Other



1st



0.480



0.138



0.038



0.027



0.011



0.059



0.101



0.146



0.106



2nd



0.088



0.464



0.166



0.038



0.011



0.048



0.029



0.155



0.106



3rd



0.040



0.121



0.430



0.176



0.024



0.035



0.029



0.145



0.106



4th



0.032



0.029



0.133



0.501



0.131



0.030



0.022



0.122



0.106



5th



0.030



0.024



0.043



0.104



0.652



0.013



0.013



0.121



0.106



Unempl.



0.080



0.080



0.044



0.030



0.025



0.442



0.115



0.184



0.062



Other



0.037



0.010



0.004



0.001



0.000



0.040



0.766



0.142



0.187



Missing



0.067



0.039



0.038



0.027



0.038



0.059



0.116



0.615



0.221



Margin



0.098



0.098



0.098



0.098



0.098



0.067



0.197



0.247



1



Missing



Margin



Wave 2



Wave 3 Positive Earnings Quintile Group



No Earnings



1st



2nd



3rd



4th



5th



Unempl.



Other



1st



0.496



0.182



0.031



0.016



0.021



0.056



0.076



0.121



0.098



2nd



0.080



0.444



0.193



0.033



0.017



0.035



0.042



0.156



0.098



3rd



0.031



0.107



0.428



0.189



0.036



0.052



0.021



0.135



0.098



4th



0.024



0.043



0.139



0.538



0.125



0.021



0.021



0.088



0.098



5th



0.024



0.028



0.021



0.085



0.697



0.014



0.019



0.113



0.098



Unempl.



0.093



0.058



0.048



0.025



0.005



0.420



0.126



0.226



0.067



Other



0.050



0.013



0.005



0.001



0.001



0.042



0.734



0.154



0.197



Missing



0.050



0.031



0.036



0.027



0.019



0.036



0.089



0.711



0.247



Margin



0.093



0.093



0.093



0.093



0.093



0.063



0.192



0.281



1



41 Wave 3



Wave 4 Positive Earnings Quintile Group



No Earnings



Missing



Margin



1st



2nd



3rd



4th



5th



Unempl.



Other



1st



0.524



0.152



0.070



0.018



0.015



0.057



0.071



0.093



0.093



2nd



0.080



0.464



0.216



0.053



0.016



0.038



0.029



0.102



0.093



3rd



0.027



0.152



0.441



0.216



0.033



0.026



0.009



0.095



0.093



4th



0.029



0.037



0.144



0.537



0.154



0.013



0.015



0.071



0.093



5th



0.015



0.020



0.029



0.093



0.722



0.020



0.018



0.082



0.093



Unempl.



0.113



0.092



0.030



0.027



0.016



0.418



0.146



0.159



0.063



Other



0.049



0.011



0.002



0.003



0.001



0.032



0.786



0.117



0.192



Missing



0.052



0.035



0.030



0.024



0.020



0.039



0.062



0.736



0.281



Margin



0.094



0.094



0.094



0.094



0.094



0.058



0.191



0.281



1



Table 6. Labour Market and Earnings Transitions Between First and Last Period of the Sample. Quintile Groups. Wave 1



Wave 4 Positive Earnings Quintile Group



No Earnings



Missing



Margin



1st



2nd



3rd



4th



5th



Unempl.



Other



1st



0.265



0.189



0.086



0.027



0.022



0.050



0.011



0.248



0.106



2nd



0.091



0.288



0.192



0.051



0.018



0.045



0.062



0.253



0.106



3rd



0.021



0.099



0.264



0.216



0.043



0.046



0.059



0.252



0.106



4th



0.030



0.050



0.122



0.344



0.166



0.032



0.048



0.208



0.106



5th



0.040



0.026



0.035



0.089



0.541



0.029



0.041



0.198



0.106



Unempl.



0.109



0.101



0.044



0.033



0.025



0.225



0.151



0.310



0.062



Other



0.039



0.018



0.008



0.006



0.002



0.032



0.610



0.285



0.187



Missing



0.146



0.070



0.071



0.062



0.038



0.075



0.151



0.386



0.221



Margin



0.094



0.094



0.094



0.094



0.094



0.058



0.191



0.281



1
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Table 7. Transition Matrices Wave 1 quinl. gp.



1st 2nd 3rd 4th 5th



1st 0.745 0.153 0.040 0.029 0.027



2nd 0.196 0.566 0.187 0.049 0.017



Wave 2 3rd 0.040 0.214 0.556 0.121 0.045



4th 0.016 0.052 0.190 0.619 0.135



5th 0.002 0.015 0.027 0.182 0.776



2nd 0.224 0.564 0.145 0.036 0.012



Wave 3 3rd 0.035 0.250 0.575 0.159 0.027



4th 0.014 0.039 0.211 0.636 0.117



5th 0.000 0.011 0.033 0.141 0.828



2nd 0.191 0.613 0.206 0.025 0.023



Wave 4 3rd 0.029 0.194 0.532 0.194 0.027



4th 0.021 0.022 0.199 0.583 0.131



5th 0.003 0.007 0.017 0.144 0.792



Wave 2 quinl. gp.



1st 2nd 3rd 4th 5th



1st 0.727 0.136 0.036 0.028 0.015



Wave 3 quinl. gp.



1st 2nd 3rd 4th 5th



1st 0.757 0.164 0.047 0.054 0.026



Table 8. Stationary transition probabilities, W1 - W4. t t+1 1st 2nd 3rd 4th 5th quinl. gp. 0.743 0.204 0.035 0.017 0.002 1st 0.151 0.581 0.220 0.038 0.011 2nd 0.041 0.180 0.554 0.200 0.025 3rd 0.037 0.037 0.158 0.613 0.155 4th 0.023 0.017 0.033 0.128 0.799 5th
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Table 9. AJ and Normalised AJ for quartile, quintile, decile groups and N-tiles.a Average Jump Normalised AJ (%) transition



W1 - W2



W2 - W3 W3 - W4 a



quartile



quintile



decile



N-tile



quartile



quintile



decile



N-tile



0.34



0.44



0.89



157.37



17.0



17.6



17.8



18.4



(0.014)



(0.018)



(0.031)



(5.39)



(0.35)



(0.36)



(0.31)



(0.31)



0.33



0.41



0.88



151.12



16.5



16.4



17.6



17.7



(0.014)



(0.016)



(0.030)



(4.77)



(0.35)



(0.32)



(0.30)



(0.28)



0.36



0.43



0.92



159.24



18.0



17.2



18.4



18.6



(0.014)



(0.016)



(0.032)



(5.03)



(0.35)



(0.32)



(0.32)



(0.29)



Bootstrapped standard errors in parentheses; 200 replications.



Table 10. AJ for each quintile group. quintile gp



1st 2nd 3rd 4th 5th



Wave 1 - Wave 2 0.32 0.52 0.51 0.46 0.39



Wave 2 - Wave 3 0.35 0.51 0.49 0.46 0.26



Wave 3 - Wave 4 0.33 0.40 0.53 0.54 0.35



Table 11. (Average Earnings Growth Rate / Standard Deviation): First Transition. quintile gp.



1st 2nd 3rd 4th 5th



1st 0.24 1.37 3.21 5.57 9.05



2nd 1.29 0.36 1.55 6.00 4.00



3rd 0.56 2.04 0.34 1.90 2.82



4th 4.65 4.08 1.59 0.18 1.45



5th n.d. 4.83 2.27 1.13 0.12



Total 0.31 0.33 0.13 0.01 0.22
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Figure 1. Kernel Density Estimates of Real earnings in 1991 and 1994



Earnings at t+1 xmax



2µx



µx



(2µx-xmax)



0



µx



2µx



xmax Earnings at t



Figure 2. Scatter Plot of Earnings Transitions (t,t+1)



for the case of Perfect Mobility



45



Figure 3



Figure 4
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Appendix A: Transition Probabilities From Age-Adjusted Real Earnings



This appendix shows that when earnings are adjusted by taking into account the age effects on real earnings, the degree of rigidity decreases in favour of more shortrange mobility. Notwithstanding this, the general conclusion is that the use of adjusted instead of unadjusted earnings makes no considerable difference for annual transition probabilities. The effect of age on earnings has been taken into account by employing the residuals from fully saturated regressions of log earnings on age dummies for each year. Table A1 displays transition probabilities of adjusted earnings for two consecutive waves.
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Table A1: Transition Matrices for adjusted earnings



Wave 1



Wave 2



quinl. gp.



1st



2nd



3rd



4th



5th



1st



0.707



0.205



0.049



0.028



0.011



2nd



0.197



0.492



0.245



0.052



0.014



3rd



0.059



0.200



0.484



0.212



0.045



4th



0.017



0.057



0.199



0.530



0.198



5th



0.025



0.027



0.042



0.176



0.729



Wave 2



Wave 3



quinl. gp.



1st



2nd



3rd



4th



5th



1st



0.702



0.221



0.047



0.023



0.007



2nd



0.131



0.556



0.264



0.045



0.005



3rd



0.069



0.177



0.517



0.206



0.031



4th



0.038



0.047



0.140



0.589



0.186



5th



0.018



0.009



0.027



0.166



0.780



Wave 3



Wave 4



quinl. gp.



1st



2nd



3rd



4th



5th



1st



0.738



0.176



0.066



0.011



0.009



2nd



0.184



0.542



0.207



0.061



0.006



3rd



0.074



0.196



0.486



0.218



0.027



4th



0.030



0.051



0.217



0.542



0.161



5th



0.027



0.034



0.049



0.136



0.754
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