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Decomposing changes in wage distributions:
a unified approach

Thomas Lemieux Department of Economics,
University of British Columbia

Abstract. Over the last fifteen years, many researchers have attempted to explain the deter-
minants and changes of wage inequality. I propose a simple procedure to decompose changes
in the distribution of wages or in other distributions into three factors: changes in regression
coefficients; the distribution of covariates, and residuals. The procedure requires only esti-
mating standard OLS regressions augmented by a logit or probit model. It can be extended
by modelling residuals as a function of unmeasured skills and skill prices. Two empirical
examples showing how the procedure works in practice are considered. In the first example,
sources of differences in the wage distribution in Alberta and British Columbia are consid-
ered; in the second, sources of change in overall wage inequality in the United States, 1973—
99, are re-examined. Finally, the proposed procedure is compared with existing procedures.
JEL classification: J3

La décomposition des changements dans les distributions de salaires : une approche unifée.
Au cours des quinze derniéres années, nombre d’études se sont penchées sur les détermi-
nants et les changements de la distribution des salaires. Ce mémoire propose une procédure
pour décomposer les changements de la distribution des salaires en trois éléments: les change-
ments dans les coefficients de régression, la distribution des regresseurs et les changements
résiduels. Cette procédure ne nécessite que I’estimation de regressions par moindre carrés
ordinaires et d’un modéle probit ou logit. L’auteur montre aussi comment modéliser les
résidus en fonction de compétences non mesurées. La procédure proposée est mise en ap-
plication dans le contexte de deux exemples: la distribution des salaires en Alberta et en
Colombie-Britannique et les changements dans la distribution des salaires de 1973 a 1999
aux Etats-Unis. Le mémoire examine aussi comment cette procédure se compare aux mé-
thodes proposées par d’autres chercheurs.
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1. Introduction

Studying changes in the distribution of wages has been an active area of research over
the last fifteen years. One reason for the resurgence of interest for this topic is that wage
inequality increased steeply in several countries, and in particular in the United States,
since the early 1980s. Another reason is that it is now much easier to conduct in-depth
empirical studies thanks to the increased power of computers and the easy access to
large micro data sets for a large number of countries and time periods.

Most authors have focused on one particular aspect of wage inequality, namely,
the wage gap between more and less educated workers. For example, Katz and
Murphy (1992) and Bound and Johnson (1992) show that after declining during the
1970s, the wage gap between college- and high school-educated workers increased
steeply in the 1980s in the United States. In both of these studies a simple supply
and demand explanation to this phenomenon is proposed. It is suggested that, while
the relative demand for more educated workers increased steadily during the 1970s
and 1980s, the growth in the relative supply did slow down in the 1980s relative to
the 1970s. As a result, the growth in relative demand due to factors such as skilled-
biased technological change outstripped the growth in relative supply during the
1980s, causing the relative wage of college-educated workers to increase.

Ten years later, this supply-demand-technology paradigm remains to a large ex-
tent the accepted theoretical framework for understanding the evolution of the college/
high-school wage gap. While recent research has considered richer versions of this
basic approach, supply, demand and technology remain the key factors used to un-
derstand this dimension of wage inequality.' There is also a consensus in the litera-
ture on the basic facts to be explained, namely, that the U.S. college/high-school wage
gap declined in the 1970s, increased rapidly in the 1980s, and increased more slowly
in the 1990s.2 Part of this consensus stems from the fact that the college-high school
wage gap, or returns to education more generally, is simply a difference in condi-
tional means that can be readily estimated using regression methods.

By contrast, there is much less of a consensus in the literature when it comes to un-
derstanding the evolution of overall measures of wage inequality over the last twenty
or thirty years. One possible reason for the lack of consensus is that, unlike the case
of mean wage differences by education groups, there are no unique and well-accepted
measures of overall wage inequality. As is well known in the income distribution lit-
erature, different summary measures of inequality like the coefficient of variation or
the Gini coefficient can yield different rankings of inequality, since they put different
weights on different parts of the distribution.’ As a result, recent research has increas-

1 In the early studies, like Katz and Murphy (1992), skill-biased technological change was viewed
as an exogenous factor. In more recent papers, Acemoglu (2002) and Beaudry and Green (2002)
propose richer models where technological innovation and adoption are endogenous responses to
other factors, including supply.

2 See Card and DiNardo (2002) and Beaudry and Green (2002) for more recent evidence on these
trends.

3 There is a large literature on this, starting with Atkinson (1970).
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ingly focused on more global, though less parsimonious, methods for describing
changes in the whole distribution of wages such as kernel density estimation.

Nor is there consensus on the underlying economic explanations for the changes
in overall wage inequality. For example, Juhn, Murphy, and Pierce (1993) conclude
that much of the increase in wage inequality for U.S. men in the 1980s is due to
increased returns to skills. By contrast, DiNardo, Fortin, and Lemieux (1996) find
that the decline in the real value of the minimum wage played an important role in
the increase in wage inequality for both men and women during the same period.
Lee (1999) and Teulings (2002) push this idea further and conclude that most of the
increase in inequality during this period is due to changes in the minimum wage.
All these studies propose innovative procedures for estimating changes in overall
wage inequality, but it is difficult to compare the results of these various approaches
because of differences in methodologies.

My main goal in this paper is to propose a unified and simple approach to ana-
lysing changes in the distribution of wages that is economically interpretable using
the standard tools of human capital theory. One related goal is to compare the
proposed approach to other techniques that have been used in the literature. One
last goal is to show how the proposed approach can also be used to analyse changes
or differences in distribution in other contexts. The approach can be viewed as a
generalization of well-known Oaxaca-Blinder decomposition of means to the full
distributional case.

I illustrate how the method works using two empirical examples. I first analyse the
sources of difference in the wage distribution of women in Alberta and British Co-
lumbia in year 2000. I then use the proposed approach to re-assess the sources of changes
in the distribution of wages in the United States between 1973 and 1999. Like most
other studies, I find that increases in the returns to measured skills like experience and
education play a major role in secular increases in wage inequality in the United States.
I also find, however, that this explanation does not account well for the changes at the
bottom end of the wage distribution. More important, I find that much of the increase
in residual wage inequality is due to changes in the composition of the workforce. This
suggests that increases in the price of unmeasured skills have not played much of a
role in the overall growth in wage inequality since 1973.

2. Economic model: human capital

Before we turn to econometric issues, it is useful to first provide some background
on models of wage determination across individuals. Almost all empirical studies
of wage determination use as their point of departure Mincer’s (1974) famous human
capital earnings function,

Inw=c+rS+bE+bE?+e,

where w is earnings (or the hourly wage when available), c is a constant, S is years
of schooling, E is years of labour market experience, and e is an error term. Hun-
dreds, if not thousands of studies have estimated this equation for a large number of
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countries and time periods.* This earnings function is probably the closest thing to
an ‘empirical law’ in labour economics, since almost all studies show that schooling
has a positive and significant effect on earnings (r > 0) and that earnings are a
concave function of labour market experience (b, > 0 and b, < 0). Mincer shows
how this earnings equation can be obtained as the outcome of a process by which
individuals optimally invest in two types of human capital, education, and on-the-
job training (OJT).’ Years of schooling is a fairly direct measure of education human
capital, while years of labour market experience is viewed as a proxy for on-the-job
training.

In this context, S and E can be though as the ‘quantity’ of human capital, while
r, b,, and b, are the ‘prices’ or returns to human capital. In general, the distribution
of wages depends on both the distribution of human capital and its price. For instance,
ignoring all wage determinants but schooling means that In w = ¢ + rS and that the
variance of log wages is the product of the squared price (return) of schooling times
the variance of schooling (Var (In W) = r2 X Var(S)).

Mincer also discusses the implications of the human capital approach for the
conditional distribution of the error term e. In particular, he considers the case in
which different individuals with the same level of formal schooling S invest with
differential OJT intensity. As in other aspects of human capital investments, indi-
viduals who devote more time and efforts in OJT implicitly pay for it by accepting
lower earnings initially. But these investments eventually pay off in terms of higher
earnings in the future. This also means that the slope of the experience-earnings
profile is steeper for those who invest more.

This is illustrated for several types of individuals in figure 1. Individuals of
type H invest more than average (M), while individuals of type L invest less than
average. Since a wage regression captures only conditional means, the parameter
estimates of b, and b, capture the average experience earnings profile M. However,
one additional empirical prediction of the model in figure 1 is that residual wage
dispersion decreases as a function of experience until the ‘overtaking’ point (ten
years of experience in this example), where the earnings of type H catch up with
those of others. Residual dispersion starts expanding past this point.

In terms of the conditional variance of the error term e, this model implies that
the variance should first decline and then expand as a function of experience. In
econometric terms, this means that e is heteroscedastic. In economic terms, it sug-
gests that it is legitimate to interpret differences in the residual variance across
experience levels as evidence that the dispersion in unmeasured human capital sys-
tematically varies across those experience levels. For instance, Juhn, Murphy, and
Pierce (1993) argue that the increase in the residual variance of wages in the United

4 Mincer’s equation is such a standard tool of empirical labour economics that it is quite difficult to
quantify the number of studies that have used it. As a benchmark, the Social Sciences Citation
Index reports that between January 1989 and May 2002, over 1,300 studies had cited Mincer’s
(1974) book Schooling, Experience, and Earnings. Mincer’s original study used data from the
1960 U.S. Census. In many studies more recent data for the United States are used, in many oth-
ers other developed or developing countries are examined.

5 See also Becker (1975) and Ben-Porath (1967).
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FIGURE 1 Residual wage dispersion in the OJT model

States during the 1970s and 1980s should be interpreted as evidence that the ‘price’
of unmeasured human capital increased during this period. The early work by Mincer
and others provides the conceptual and empirical basis for this type of statement.

Related arguments can be used to show that residual wage dispersion may also
depend on the level of schooling of individuals. The simplest argument is that years
of schooling is an imperfect proxy for true educational inputs and that the error
term includes unmeasured aspects of educational inputs such as school quality.
Systematic differences in the residual variance across education groups arise if the
residual dispersion in school quality is different for different levels of schooling. A
more sophisticated argument is that if individuals who invest more in education
have higher marginal returns to education than others, the log wage-schooling rela-
tionship will generally be convex; that is, the labour market ‘price’ of schooling will
be higher at higher levels of education.® This results in more residual wage disper-
sion at higher than lower levels of education even if the dispersion in unmeasured
educational inputs is the same at different levels of education.

3. Decomposing the wage distribution

In this section I propose a decomposition procedure that unifies several existing
approaches by combining elements of Juhn, Murphy, and Pierce (1993) and DiNardo,
Fortin, and Lemieux (1996). Consider a general regression model,

6 Both Mincer (1974) and Rosen (1977) make this point. Recent work by Mincer (1997) and
Deschénes (2001) shows that the log wage-education relationship has become more convex over
the last twenty years.
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Yie = XiBr + €, (1)

where i indicates the observation (individual) and ¢ the time period; x; isa 1 X k
vector of covariates (including a constant), B, is a k X 1 vector of parameters, and
the error term e;, is assumed to have a zero conditional mean (E(e;|x;) = 0). In
terms of the earnings model of section 2, y;, corresponds to log wages, while x;, is
a vector of human capital and other variables, such as schooling, experience, and
other socio-economic characteristics.

For simplicity, I focus on the case where there is a series of cross-sectional
samples for different time periods z. However, this setting can readily be applied to
cases where ¢ represent various groups (men vs. women, immigrants vs. non-
immigrants, etc.) or regions instead of time periods.

While it is customary to assume random sampling, the sampling structure of
most micro data sets collected by Statistics Canada and other survey agencies is
considerably more complex. I ignore all these issues and assume random sampling
except for the fact that the probability of sampling of a given observation i at
time ¢, 1/w;,, depends on a set of exogenous factors, such as geographic location,
urban/rural status, and so on. This probability is the inverse of the sample weight,
w;,,. To simplify the notation, I also normalize the sample weights so that they sum
up to one (X; w; = 1).

Consider the OLS estimate b, of B8,. The estimated regression equation is

Yie = Xigby + uy, (2)

where u,, is the regression residual that has, by construction, a zero average and is
uncorrelated with the covariates. The sample average of y in period ¢ is

Ve =%.b, 3)
where y, = 2 w;y; and X = 2 Wi Xy

3.1. Decomposing changes in the mean: the Oaxaca-Blinder decomposition.
Consider an alternative time period s. The sample average of y in period s is

}_;szjsbs- (4)

The difference between the average value of y in periods ¢ and s can be decom-
posed as

Ye—ys = jt(bt — by) + (x, — X,)b, (5)

where the first term on the right-hand side captures differences in the estimated
parameters, while the second term captures differences in the average values of the
covariates between the two samples. This kind of decomposition, first suggested by
Oaxaca (1973) and Blinder (1973), is now standard practice in empirical econom-
ics. One useful interpretation of this decomposition is that ¥, b, is a counterfactual
average value of y that would be obtained if the parameters in period ¢ were replaced
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by those in period s. In terms of the wage model, this represents the average wage
that would prevail in period ¢ if the ‘price’ of human capital were the same as in
period s. Denote this counterfactual as y; where

Vit = Xb,. (6)
This counterfactual can be used to rewrite equation (5) as

Fe= 3 = (X,b, = 37) + (37 = X:b,) = (3, = 37) + (7 = 3s)-
Consider yf, the individual-specific counterfactual wage:

Vi = Xibs + uy = yi + x,(bs — by).

In terms of computation, y; can be either obtained by computing the sample av-
erage of x;, and applying equation (6), or by computing directly the sample aver-
age of yj:

v = Do 7)

3.2. Decomposing changes in the variance

Before trying to go from the simple mean decomposition to a full decomposition of
the whole distribution, consider the case of the variance which is one among many
summary measures of dispersion. The variance is the most natural measure of dis-
persion to use in a regression context since, by construction, the residuals u;,, are
uncorrelated with the covariates x;,. The variance of y;, is, therefore, the sum of the
variance of the predicted (x;, b,) and residual (u,,) parts of the regression:

V,=b/Q,,b + 0'12, (8)

where V, is the variance of y;,, , , is the variance-covariance matrix of x;,, and o?
is the variance of the residuals. This suggests three potential sources of change in
the variance of y: changes in the estimated parameters, b,, changes in the variance-
covariance matrix of the covariates, (0, ,, and changes in the residual variance o/’

It is useful to link these three sources of changes back to the economic model of
wage determination of section 2. In this setting, changes in b, represent the role of
‘price effects’ in changes in the variance of wages. For example, if b, doubles between
two periods, the predicted part of the variance, b; (), , b,, will quadruple, holding
the distribution of human capital constant.

At first glance, equation (8) suggests that the impact of changes in the distribu-
tion of human capital (x) on the variance of wages can be captured by the variance-
covariance matrix (), ,. The human capital approach suggests, however, that this is
only one possible impact of changes in the distribution of human capital. For exam-
ple, if the workforce becomes more experienced over time, this may change the
wage distribution for two separate reasons. The first reason is that if the variance of
experience also happens to change over time, then the predicted variance b/, , b,
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should change too. The second reason is that if the residual variance is higher for
more experienced workers (as in Mincer’s OJT model), the overall residual variance
o should expand because of composition effects.

To see this point more clearly, consider the case where x;, = [X;,,, ..., X;1»- .., Xi,]
is an exhaustive set of dummy variables that divide the sample in a set of J cells. For
example, if the two basic covariates are age and education, J indicates the number
of age-education cells (or skill groups) in which the sample can be divided. In the
first empirical example below, I use public use files of the Labour Force Survey
(LFS) in which education is coded in 7 categories and age is coded in 5-year age
bands. J is thus equal to 70 for workers age 15 to 65 (10 age categories).

The sample average of the dummy variable x,;, is the proportion of the sample in
cellj, 6,,:

X = 2 Wi Xjj = 2 w; = ejt'
i 1

Xy =

Furthermore, the OLS estimates b, (with no intercept) are just the sample means of
v, for each cell j:

btl = [blt,'“,bjt,-”’bh] = [.}-)lt""’yjt""’)—)Jt],

where

Vi = (l/ejt) 2 Wi Yie

X =1

The sample mean of y is
y = E Wi Yie = 2 ejtJ_’jt = Eijt bjt =xb,.
i J J
Similarly, the variance of y is

V,= 2 ; (Vi _J-’t)z = 2 w;,(x; b, — %, bt)2 + 2 wituizt
= 2 0jt(.}-)jt _}-"r)z + 2 0]'10}3, (9)
J j

where o7 = (1/6,) S, -1 ;3.

Equation (9) is the standard between/within decomposition of the variance. The
between-group variance is the weighted sum of squared deviations across skill groups
(first term of the right-hand side of the equation), while the within-group variance
is the weighted sum of the residual variance over skill groups (second term).

It is now clear how changes in the distribution of x affect both the predicted
(between) and the residual (within) components of the variance of wages. The sam-
ple proportions 8,,, which are equal to ¥;,, completely describe the distribution of
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the xs in this dummy variables model.” Therefore, the change in the between group-
variance induced by changes in sample composition is just an alternative way of
describing the effect of changes in the variance of x on the predicted part of the
variance of wages.

The second effect of changes in the distribution of human capital on the variance
of wages is captured by the residual variance term 3, 6;, o;%. Since the overall resid-
ual variance is a weighted sum of cell-specific variances, it should systematically
depend on the distribution of x through the sample proportions 6;,.

These various effects can be captured in a variance decomposition by first con-
sidering the counterfactual variance obtained by replacing b, (i.e., the y;,s) in equa-
tion (9) by its value in period s:

Ka:EHjI(yjs_j}f)z-'_zajta}%. (10)
J

J

Just like the difference between y, and the counterfactual mean j;, the difference
between ¥, and V,? represents the effect of changes in the price of human capital, b,,
between periods ¢ and s. The variance that would prevail in period ¢ if the distribu-
tion of x were also as in period s is obtained by replacing the sample proportions 6;,
by 6,:

VP = 265(3 = 30)° + Z 6,01, (11)
J

J

where

}_)tb = Zajs}-)js =.}-)S'

J

The counterfactual mean 7? represents the mean that would prevail if both the
price of human capital (as in the case of y7) and the distribution of human capital
were as in period s. This turns out to be the same as the actual mean in period s, .
By contrast, the counterfactual variance ¥, is not the same as ¥, because of differ-
ences in the residual variance term ;7 and o};. Using the two counterfactual vari-
ances V,% and V2, the change in the variance can be decomposed as

Vi— V.= =V + = V) + (VP = V). (12)

The first term on the right-hand side is the contribution of changes in b, to
changes in the variance:
Vi= Ve = 2 6:[(55 = 5 = (s = 37)*).

J

7 For example, the variance of x,;, is equal to 6, (1 — ;). It is easy to show that in this model the
between group variance can be written as 3; 6;, (7, — )% =b/Q,,b,.
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The second term in equation (12) represents the contribution of changes in the
distribution of x’s (i.e., sample proportions 6;,) to both the between- and within-
group variance:

Ve — Vrb = [2 ejz(J_’js _)-)'a)l - 2 ojs(J_’js _)_’tb)z] + 2(01: - 0/5)0}%
J J J
The last term captures changes in the residual variance within each cell:
Ve =V, = 2 805 — o).
J

These decompositions can be implemented in practice by computing the various
elements of equations (10) and (11). An alternative is to compute the counterfactual
variance V¥, as the sample variance of the counterfactual wage y, and then use a
re-weighting procedure to compute ¥,>. The main advantage of the latter approach
is that it can also be used to compute any other distributional statistic.

3.3. Decomposing changes in the whole distribution: a re-weighting procedure

A comparison of equations (10) and (11) indicates that the counterfactual variance
V> is simply ‘reweighted’ version of ¥,* in which the sample proportions 6;, are
replaced by 6,,. In other words, ;> can be written as:

Vrb = Zejtl//j().’js _J_’tb)z + Z‘I’jojro}%,
J J

where ¢, is a re-weighting factor defined as
¥ = 0:/6;..

The counterfactual variance can also be written as a function of the counterfactual
wage y;; using an individual-level re-weighting factor ¢;:

th = 2 wit'/’i(yi‘; - }_";’)2,
where

U= 2 %58/ 6 (13)
J

Since {x,»j,, Jj=1,...,J} is a set of indicator variables for the various cells, equation
(13) simply assigns to each observation the period s to period ¢ ratio of the sample
proportions of the cell to which it belongs.

The computational advantages of this re-weighting procedure are limited in the
case of the variance, since one could as well directly use the closed form formula in
equation (11). It is not generally possible, however, to derive similar closed form
formula for most other popular distribution statistics, such as the Gini coefficient or
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the interquartile range, or for point-by-point estimates of the distribution, such as
the Lorentz curve or kernel density estimates.

By contrast, once the counterfactual wage y;; and the counterfactual weight g =
w;,; have been computed, it is straightforward to compute any counterfactual sta-
tistics. Since sample weights w;, need to be used in the first place to compute
sample statistics that are representative of the whole population, using the counter-
factual weight poses no additional computing requirements relative to computing
simple descriptive statistics.

Irrespective of the distributional statistic being computed, using y; instead of y,,
always shows what this statistic would have been if b, had remained at its period s
level. Similarly, using the weights wj; = w,, i, instead of w,, yields the distributional
statistic that would have prevailed if the distribution of x had remained as it was in
period s.

The proposed procedure unifies existing procedures in the cell-by-cell case by
combining elements from both Juhn, Murphy, and Pierce (1993) and DiNardo,
Fortin, and Lemieux (1996). The idea of replacing y,, by y3 to compute any distri-
butional statistic comes from Juhn, Murphy, and Pierce (JMP hereafter), while the
re-weighting procedure was suggested by DiNardo, Fortin and Lemieux (DFL here-
after). JMP did not suggest an explicit way of accounting for changes in the distri-
bution of the xs, however, while DFL only partially addressed the issue of changes
in the bs. Both of these papers also deal with the case where it is not feasible or
practical to divide the observations in a limited number of cells. The proposed
procedure is easily modified to account for this more general case. This is not much
of an issue for computing yj} = x,, b, + u,,, since the usual regression and model
specification methods can be used to choose an appropriate specification for the
regression function. Similarly, DFL suggest using a standard logit or probit model
to compute the reweighting factor ¢; in the case where the cell-based approach
cannot be used. The idea is to pool the period s and ¢ samples and estimate a probit
or logit model for the probability of being in year ¢. The estimated model yields a
predicted probability of being in period ¢ conditional on x. Call this predicted
probability

P,, = Prob(period = ¢t|x;,).
DFL then define the reweighting factor as®
¥, =[(1 = P,)/P, ] X [P,/(1—P)],

where P, is the unconditional probability that an observation is in period ¢ (the
weighted share of the pooled sample that is in period ¢). In the case where a full set
of dummies for the J cells are included in a probit or logit model, P,, /P, is simply

8 The correction factor P, /(1 — P,) is of little practical importance, since it changes the
re-weighting factor only in a proportional way, and most statistical packages automatically nor-
malize the sum of weights when computing weighted statistics.
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TABLE 1
Summary of the procedure of section 3 for generating counterfactual distributions

Variable =~ Weight  Resulting distribution

Vit w; Distribution at period ¢

yi W, Period ¢ distribution with b of period s

Vit wf Period ¢ distribution with distribution of covariates of period s

i W Period ¢ distribution with b and distribution of covariates of period s
Vis W Distribution at period s

ya W, Period s distribution with b of period s

Vis wf Period s distribution with distribution of covariates of period ¢

yi wh Period s distribution with b and distribution of covariates of period ¢

NOTE: yg = x;, b, + u;y, y& = x50, + u,,, 0§ = ¢, w,, and 0 = (1/¢;) w,,, where ¢, is the
reweighting factor.

the sample proportion 6, and the reweighting factor is ¢; = 6;,/6;, as before. As in
the case of the regressnon model, standard model specification procedures can be
used to choose a sufficiently accurate specification for the logit or probit model
when a fully unrestricted cell-by-cell approach is not feasible or appropriate.

Table 1 provides a summary of how various counterfactual values of y and @ can
be combined to generate a variety of counterfactual distributions.

3.4. Re-weighting vs Oaxaca-Blinder regression-based decompositions and
propensity score estimation

In the Oaxaca-type decomposition of the mean considered above, it was sufficient
to compute a single counterfactual mean y; = x, b, to carry over the decomposition

Y=y = (}_’t_)_’ta) + (3¢ — 7).

The usual way of performing the decomposition involves estimating regressions for
both time periods, though one could compute y{ by just estimating the regression
model in period s. In the original case considered by Oaxaca (1973) where ‘group
¢ are women and ‘group s’ are men, y{ = X, b, is the average wage women would
earn if they were paid according to the wage equation of men.

An alternative way of computing j; is to reweight the male sample so that the
distribution of x for men becomes the same as for women. It is interesting to note
that in the ‘cell’ model these two approaches yield identical results. This follows
from the fact that in this model, 6, = %, and y;,, = so that

r = ftbs = ijlbjs = 2 jtyjs E d’j jlyjsa
J J

by,

where ¢ = (1/¢;) = 6,,/6,; is the re-weighting factor used to transform the distri-
bution of x for men (group s) into the distribution of x for women.
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In the general case where it is not feasible or desirable to divide observations
into a limited number of cells, the regression approach and the re-weighting approach
do not yield numerically identical results. The results should nevertheless be very
close if the regression model and the probability model, such as the one used by
DFL, are ‘well specified.”® In the case where the data can be divided in J cells, 0,
and y;, are non-parametric estimates of the conditional probabilities and conditional
means, respectively. In the general case where observations cannot be divided in
cells, it is nonetheless possible to estimate non-parametrically the conditional prob-
abilities and conditional means using available methods. It could be shown in this
case that both the (non-parametric) re-weighting and the (non-parametric) regres-
sion method yield consistent estimates of the counterfactual y?.

Some of the issues that arise when decomposing the means also arise when
looking at the whole distribution. For example, the results of the decomposition are
sensitive to the order in which each factor is analysed because of interactions between
those factors. One pragmatic solution to this problem used in figure 2 is to carry out
the decomposition in different orders to verify the robustness of the conclusions.'®
It is also possible to look separately at the impact of each individual covariate and
its coefficient, as in the usual Oaxaca-Blinder decomposition.'!

The reweighting approach is also closely linked to propensity score estimation
that has recently been used by several researchers to estimate the impact of training
programs or other ‘causal’ effects.'? For example, if group ¢ represents the ‘treat-
ment’ group of individual receiving training, while group s represents a ‘control
group,” the re-weighting factor ¢; can be interpreted as a ‘propensity score’ that
represents the relative probability of being in the treatment group given the covari-
ates x. Most authors simply use the propensity score as an additional regressor or
‘control function’ on the right-hand side of the outcome equation (e.g., a wage
equation with a training dummy and other covariates on the right-hand side). In a
recent paper, however, Hirano, Imbens, and Ridder (2000) suggest an alternative
estimator that uses the propensity score to re-weight the treatment group. This

9 Barsky et al. (2001) suggest using the re-weighting approach as a non-parametric alternative to

the usual Oaxaca-Blinder decomposition.

10 Table 1 shows how to perform the decomposition of section 3 in different orders. This approach

can be used, for example, to compute the decomposition in the same order as JMP, who first

look at the effect of the regression coefficients, followed by the residuals and the effect of

the distribution of covariates. A similar decomposition can be obtained by re-weighting the

distribution of period s using f (see table 1) instead of re-weighting the counterfactual

distribution y§ with wj.

It is straightforward to look at the impact of changes in a single regression coefficient instead of

the whole vector of coefficients by computing a counterfactual wage yj in which only this particu-

lar coefficient has been switched from its period ¢ value to its period s value. It is interesting that a

similar procedure can be used to examine changes in the distribution of a single covariate x;. Say

the logit or probit coefficient for this covariate is c;. The relevant counterfactual is then obtained

by setting all the other coefficients but this one to zero when constructing the re-weighting factor

(using the logit or probit predicted probabilities).

12 See Heckman, Ichimura, and Todd (1997) and Dehejia and Wahba (1999) for a recent application
of propensity score methods to training programs.

1
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particular type of propensity score estimation turns out to be identical to the
re-weighting approach suggested by DFL.

4. Empirical application no. 1: wage distributions in Alberta
and British Columbia

I now illustrate how the decomposition procedure of section 3 works in practice
using data for female workers in Alberta and British Columbia from the Labour
Force Surveys (LFS) of January to October 2000. (Data from November and Decem-
ber are not used because the minimum wage was increased in British Columbia in
November 2000; see below). Since January 1997 the LFS has collected detailed
information on the wages and earnings of all wage and salary workers. Since each
monthly sample of the LFS contains information on over 100,000 individuals through-
out Canada, the resulting wage samples are very large, even at the provincial level.

Another feature of the LFS is that the socio-economic characteristics of individ-
uals are released at only a relatively aggregated level in the public use files. In par-
ticular, age is coded in only 5-year intervals and education is coded as a categorical
variable, taking only seven possible values.'* All individuals age 15 to 64 can thus be
assigned to a total of 70 age-education cells. Since age and education are the two key
human capital variables in Mincer-type wage regressions, the LFS lends itself natu-
rally to the cell-based decomposition method discussed in section 3.'*

After a few observations are removed from very small cells or those with very
high or very low hourly wages, the final sample contains 19,319 observations for
Alberta and 20,587 observations for British Columbia.'> Each of the 57 remaining
age-education cells contains about 350 observations by province, on average.

Table 2 reports several descriptive and counterfactual statistics for log wages in
Alberta and British Columbia. The LFS sample weights are used throughout the
table. Column 1 shows that the mean log wage is about 13 per cent higher in British
Columbia than in Alberta. By contrast, a comparison of rows 1 and 4 shows that the
variance of log wages is substantially lower in British Columbia (0.199) than in
Alberta (0.218). It is not surprising that the difference between the 90™ and the 10™
percentiles (column 5), which is an alternative measure of wage dispersion, is also
lower in British Columbia (1.196) than in Alberta (1.253). This means that the ratio

13 More detailed age categories (2 or 3 years bands) are provided for individuals under the age of 30.
This information is not used here.

14 Note that experience rather than age is typically used in the Mincer equation. Since measures of
actual experience are rarely available in micro data sets, Mincer suggested using potential experi-
ence defined as age — S — 6, where S represents years of schooling. Since potential experience is
only a linear function of age and education, age-education and experience-education cells can be
used interchangeably.

15 Only a very small fraction of the adult population in these two provinces has the lowest coded
value of schooling, which is 0 to 8 years. All observations with 0 to 8 years of schooling are
removed to ensure there is a reasonably large number of observations in each age-education cell.
For similar reasons, I also remove individuals age 15-19 who report holding a university bach-
elor’s degree (second-highest education category) and individuals age 15-24 who report holding a
post-graduate degree (highest education category). Finally, observations with hourly wages of less
than $3 or more than $75 are removed from the sample.
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TABLE 2
Log wage distribution of women in Alberta and British Columbia

Mean Variance Wage gap by percentiles

Total xb Residual 90-10 50-10 90-50

(n (2 (3) 4 (%) (6) (7
1. Alberta 2.522 0.218 0.076 0.142 1.253 0.577 0.676
2. Alberta with B.C.’s b 2.627 0.210 0.068 0.142 1.217 0.576 0.641
3. Alberta with B.C.’s b and X 2.654 0.213 0.066 0.147 1.230 0.599 0.631
4. British Columbia (B.C.) 2.654 0.199 0.066 0.133 1.196 0.643 0.553
5. Alberta-B.C. Difference —0.132 0.019 0.010 0.009 0.057 —0.066 0.123
Effect of
6. b (Row 1-row 2) —-0.105 0.008 0.008 - —0.036 0.001 0.015
7. x (Row 2-row 3) —0.027 —0.003 0.002 —0.005 0.013 -0.023 0.010
8. Residual (Row 3-row 4) - 0.014 - 0.014 0.034 —0.044 0.076
NOTES

Computed using data from January to October 2000 Labour Force Survey. Sample includes all female
wage and salary workers age 15-64 with hourly wages between $3 and $75. Workers of all age groups
with 8 years of schooling and less are excluded from the sample. Workers age 15-19 with a university
degree and workers age 20—24 with a post-graduate university degree are also excluded from the sam-
ple. Total number of observations for Alberta and British Columbia are 19319 and 20587, respectively.

of the wage at the 90™ percentile over the 10™ percentile is about 6 percentage
points higher in Alberta than in British Columbia.

These descriptive statistics illustrate why Alberta and British Columbia are two
interesting provinces to compare from a distributional point of view. A comparison
of the mean, the variance, and the 90—10 gap suggests that British Columbia is the
‘high-wage/low-dispersion’ province, while Alberta is the ‘low-wage/high-
dispersion’ province. A closer examination of the evidence suggests, however, that
this may be an oversimplification of the facts. For example, columns 6 and 7 indi-
cate that, while the gap between the 90" and the 50" percentiles is larger in Alberta
than in British Columbia, as expected, the reverse is true for the 50—10 gap. This
suggests that the shape of the wage distributions are quite different in the two
provinces.

Figure 2a indicates that the two wage distributions indeed look very different.
The figure reports kernel density estimates of the wage distributions in the two
provinces.'® While the density for Alberta looks more or less like the usual bell-
shaped curve, the density for British Columbia is bimodal or ‘twin-peaked.”!” The
figure also indicates the respective values of the minimum wage in the two prov-

16 These densities are estimated using a normal kernel with a bandwidth of 0.06. See DiNardo,
Fortin, and Lemieux (1996) for more details on kernel density estimation of wage distributions
and on the choice of bandwidth.

17 The bimodal feature of the distribution is robust to the choice of bandwidth. The expression
‘twin-peaks’ comes from the growth literature, where it is well documented that the distribution of
:vorld income went from unimodal to bimodal over the last decades. See, for example, Quah

1996).
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inces during this period. Throughout year 2000 the minimum wage was $5.65 in
Alberta. By contrast, the minimum wage was $7.15 in British Columbia from Jan-
uary to October 2000 before increasing to $7.65 in November 2000. This change in
the minimum wage is the reason why the sample used covers only the period Jan-
uary to October.

It is quite clear from the figure that the 25 per cent difference in the minimum
wage between the two provinces has a visually large impact on the wage distribu-
tions. The minimum wage does not appear to have much ‘bite’ in Alberta. By con-
trast, the data strongly suggest that the higher minimum wage in British Columbia
is the source of the ‘second peak’ in the lower end of the wage distribution in this
province. This large visual impact of the minimum wage on the wage distribution
for women is quite consistent with the findings of DiNardo, Fortin, and Lemieux
(1996) for the United States, though the ‘twin-peak’ distribution in British Colum-
bia is more unusual.

It is nonetheless possible that factors other than the minimum wage explain why
the wage distributions have such different shapes in the two provinces. For exam-
ple, if education were highly polarized in British Columbia (e.g., many university
graduates and high school dropouts with few people in between), this could result
in a bimodal wage distribution in this province even in the absence of minimum
wage effects. This can be formally tested by looking at whether the B.C. wage
distribution would be unimodal if the distribution of age and education in the prov-
ince were the same as it is in Alberta. Similarly, it would be interesting to see
whether the wage distribution in Alberta would become bimodal if the distribution
of age and education in the province were the same as it is in British Columbia.
Both of these counterfactual distributions can readily be computed using the
re-weighting procedure suggested in section 3.

The remaining panels of figure 2 compare several counterfactual distributions
with the actual distributions in Alberta and British Columbia. Figure 2b compares
the actual wage density for British Columbia with the density that would prevail in
Alberta if the regression coefficients b (the mean log wages by cell) were the same
as they are in British Columbia. The counterfactual density is obtained by applying
kernel density estimation on yj instead of y,, (in this setting ¢ refers to Alberta and
s to British Columbia). On the one hand, this counterfactual densities lines up
better with the B.C. density in terms of location parameters (mean or median). The
lower and upper tails of the two distributions also look relatively similar. On the
other hand, the relative shapes of the two distributions remain very different. Like
the actual density for Alberta, the counterfactual density clearly has a single mode,
which is very different from the actual density for British Columbia.

Figure 2c shows the density that would prevail in Alberta if both the regression
coefficients b and the distribution of the covariates were as in British Columbia. In
terms of the notation of table 1, this counterfactual density is obtained by applying
kernel density estimation on y{ using the weights w instead of w,,. The counter-
factual is not visually very different from the counterfactual in figure 2b, suggesting
that differences in the distribution of the covariates in the two provinces have a
modest impact on the wage distribution. Differences in the distribution of covari-
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ates clearly cannot account for the fact that the distribution of wages in bimodal is
British Columbia but unimodal in Alberta.

The order of the decomposition procedure is reversed in figure 2d. This fig-
ure compares the actual Alberta density with the density that would prevail in Brit-
ish Columbia if both the regression coefficients and the distribution of the covariates
were as in Alberta. As in figures 2b and 2c, the counterfactual density lines up much
better in terms of location with the actual density for the other province than in
figure 2a. But once again, neither b nor the distribution of covariates can account
for the twin-peaks in the B.C. density.

The impact of the various counterfactual exercises on summary measures of the
distribution is reported in rows 6, 7, and 8 of table 2. Consistent with the figures,
most of the 13 percentage gap in average wages is due to differences in the regres-
sion coefficients (row 6). Differences in the regression coefficients also account for
0.008 (row 6, column 2) of the 0.019 difference in variances, and for more than half
(0.036) of the 0.057 difference in the 90—10 gap.'®

The effect of differences in the distribution of covariates between the two prov-
inces is reported in row 7 of table 2. This accounts for the remaining —0.027 dif-
ference in mean log wages, suggesting that B.C. workers are more ‘skilled’ (higher
education and experience) than their Alberta counterparts. What is more interest-
ing, the effect of differences in the distribution of covariates has the ‘wrong sign’
for the variance. It helps to explain why the variance is lower, not higher, in Alberta
than in British Columbia because of two offsetting effects. On the one hand, the
distribution of age and education in British Columbia is more compressed than it is
in Alberta. The variance of the predicted part of wages in Alberta is 0.002 higher
(column 3) than it would be with the B.C. distribution of covariates. On the other
hand, the residual variance is 0.005 lower (column 4) because of composition effects.
Remember, from section 3, that this last effect is given by 3,(6;, — 6;;) 0}, where 6,
and 6, represent the sample proportions in Alberta and in British Columbia in this
setting. What happens is that there are systematically more workers in “high-
dispersion” cells (0;7) in British Columbia than in Alberta. More specifically, work-
ers are older and more educated in British Columbia, and, as predicted by the
human capital model of section 2, residual wage dispersion is larger for these groups
than for younger and less educated workers. These composition effects are substan-
tial, since they increase by 50 per cent (from 0.009 in row 5 to 0.014 in row 8) the
Alberta-British Columbia gap in the residual variance.

5. Skill prices and residual wage dispersion

In the previous example, the systematic part of the wage equation (xb) could not
account for most of the Alberta-B.C. difference in wage dispersion and in the shape
of wage distributions. This is perhaps not surprising, since most of the cross-

18 Though the regression coefficients are not reported here, a closer examination of the evidence
indicates that the main difference between the two provinces is that returns to education are sub-
stantially lower in British Columbia than in Alberta.
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sectional variance in wages remains typically unexplained in a standard Mincer-
type wage regression. For instance, the R-square of the regressions estimated in
section 4 is around 35 per cent, which is typical for these types of model."”

Under an unstructural interpretation of a regression equation, there is nothing
else to be said about this last (residual) component of the decomposition. The resid-
ual is just the part of the dependent variable that cannot systematically be accounted
for by the covariates. By contrast, the human capital approach presented in sec-
tion 2 has a variety of implications for the residual variation in wages. To the extent
that residual wage dispersion is due to unmeasured differences in human capital
investment, the residual dispersion should increase when the ‘price’ or ‘return’ to
human capital increases. For instance, when the return to years of schooling increases,
it is reasonable to expect that the return to (unmeasured) school quality would also
increase.

To put this in a more explicit context, a large number of studies have documented
a steep increase in both the return to education and residual dispersion in wages in the
United States over the last two decades.?® Under a strict human capital interpretation
of wages, it is tempting to conclude that both of these phenomena are direct conse-
quences of a pervasive increase in the return to human capital resulting from skill-
biased changes in the demand for labour. This case, first made forcefully by Juhn,
Murphy, and Pierce (1993), has become the standard explanation for the changes in
wage inequality in the United States (see, e.g., Acemoglu 2002; Katz and Autor 2000).

JMP argue that residual wage dispersion is mostly a consequence of the fact that
human capital or skills are imperfectly measured in standard data sets. Under the
assumption that the distribution of the unmeasured skills is stable over time, increas-
ing residual wage dispersion must be a consequence of an increase in the return to
these unmeasured skills.

From an empirical point of view, however, it is not clear how this human capital-
based theory of the growth in residual wage dispersion can be distinguished from
other explanations. One alternative explanation is simply that the extent of mea-
surement error in wages has increased over time. Another possible explanation
suggested by DFL is the decline in the real value of the minimum wage during the
1980s. Later work by Lee (1999) and Teulings (2002) indeed has suggested that
most of the increase in residual wage dispersion can be linked to this factor.

Simply stating that the increase in residual wage dispersion is due to an increase
in skill prices is not enough to establish that this is indeed the right explanation for
this phenomena. Other empirical implications of this ‘skill price’ theory need to be
established in order to test it against alternative explanations. Otherwise, this theory
is a mere tautology with no empirical content.

19 A low R-square does not necessarily mean that differences in the shape of the distributions cannot
be explained by xb. For example, Beaudry, Collard, and Green (2002) find that secular changes in
regression coefficients explain well the emergence of the twin-peaks in the distribution of output-
per-capita across countries despite the fact that their R-squares are similar to those in section 4.

20 See Katz and Autor (2000), Acemoglu (2002), and Card and DiNardo (2002) for recent surveys of
the large existing literature.
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To fix ideas, consider the following model for the wage residual u;,:
Uiy =Pt €ars (14)

where 7,, is unmeasured human capital, p, is the price (or return) of this unmea-
sured human capital, and ¢,, is a random error component not linked with skills and
productivity (e.g., a measurement error). The variance of u,,, o2, is given by

2 — 2,2 2
o, =p; Un,r + Te¢ 1>

where o2, = Var(n,,) and o2, = Var(e;, ). The most extreme version of the skill
price story is that o2, is stable over time (o2, = o;7) and o, is either zero or
stable over time. It follows that

ol — ol = (pf —p))o;.

In this setting skill prices are the only source of change in residual dispersion, by
assumption.

It is possible to introduce some empirical content to this model by looking at its
implication for various groups of workers. For instance, if residual skill dispersion
o} is larger for more experienced than less experienced workers, then the residual
variance should increase more for the former group than for the latter. This follows
directly from

o?

jt — O,

where o3, is the variance of unmeasured skills for group j. Chay and Lee (2000)
consider a version of this model in which they also assume that the variance of the
measurement error, g2, is constant across skill groups. Using detailed data on the
variance of wage by skill groups, they find evidence that the return to unmeasured
skills, p? — p2, indeed increased during the 1980s.

This approach can be pushed further when panel data are available. In this set-
ting, it is natural to think of the  component of the residual as a time-invariant
person-specific unmeasured skill factor. Both Baker (1997) and Baker and Solon
(2002) find that the return to this unmeasured skill factor, p,, has increased over
time.

One drawback of these two approaches is that they focus only on the implica-
tions of changing skill prices for the residual variance. A more flexible approach is
required to go beyond a variance decomposition to see whether changes in the price
of unmeasured skills can also account for more general distribution changes such as
those illustrated in section 4. The key limitation of equation (14) in this regard is
that the wage residual u,, is assumed to be a linear function of unmeasured skills.
This linear transformation strongly restricts the ways in which changes in the price
of unmeasured skills can affect the wage distribution, holding the distribution of
unmeasured skills constant.
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Consider a more general setting in which the price p, is replaced by a non-linear
pricing scheme,

Uy = pr(nir) + €, (15)

where p,(.) is a monotonic and continuous function. For simplicity, assume from
now on that €;, is equal to zero.

This model is completely flexible in the sense that any distribution of u;,, can be
generated from an arbitrary distribution of skills 7;,,. For example, assume that 7,,
follows a uniform distribution over the [0,1] interval. This choice of distribution is
convenient, since

MNie = E (uit )a
where F,(.) is the cumulative distribution function of u,,. It follows that
U, = P:(Tlu) = Fx_'(ﬂn)-

In this setting, 1,, can be interpreted as the rank (normalized from 0 to 1) of obser-
vation i in the distribution of residuals, while the non-linear skill price function
p.(.) is the inverse of the cumulative distribution function of u,,. This approach is a
special case of the procedure first suggested by Juhn, Murphy, and Pierce (1993). 1
discuss their decomposition approach in more detail in sections 6 and 8.

This model has no empirical content in single cross-section because p,(.) is left
completely unrestricted. However, the model does impose restrictions on the change
in the entire wage distribution from one period to another. To see this, substitute
equation (15) into equation (2):

Yie = Xuby + uy = x;b, + p, ().

In section 3 I showed how to construct a counterfactual distribution of wages that
accounts for changes in b, and in the distribution of x;, from period ¢ to period s. The
natural next step of the decomposition is to replace the residuals at time ¢ with the
residuals that would have prevailed if the skill-pricing function had been p,(.) instead
of p,(.). This amounts to replacing the counterfactual wage

Vi =xubs + u; = x,b,+ p(n,)
with
ytl; = xitbs +ps(77it) = xitbs + uil;,

where ul, = p.(n,,) = Fy ' F,(u;,) is a counterfactual residual. It is now clear why the
model has some empirical content. If changes in the skill pricing function can
account for all the changes in the wage distribution that changes in b, and in the
distribution of x,, could not account for, then the distribution of y} re-weighted by
the factor ¢, should be the same as the raw distribution of wages in period s.
Figure 3 illustrates a simple example that shows why this need not be the case.
Consider two groups of workers, L and H. Type L workers earn an average of $4 in
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both period s and period ¢, while type H workers earn an average of $8 in each
period. In both periods, each group represents half of the sample. In terms of the
notation of section 3, this means that 6,, = 6, = 0, = 6,,,= 0.5, y,, = y,, = 4, and
Yu: = Yus = 8. 1 use this simple case where the regression coefficients (i.e., the ys)
and the distribution of the covariates (i.e., the 6s) play no role in changes in the
overall wage distribution to illustrate more clearly the role of changes in the distri-
bution of the residuals.

Assume that in period ¢, the residuals follow a uniform distribution over [—3,3]
for type L workers (density of 1/6) and over [—1,1] for type H (density of 3). The
resulting wage distribution, which is skewed to the left, is shown in figure 3a.
Now assume that the distribution of the residuals switches between the two groups
from period ¢ to period s (uniform distributions over [—1,1] and [—3,3] for type L
and type H, respectively). The resulting distribution in period s, which is now
skewed to the right, is illustrated in figure 3b. The overall distribution of residuals
remains unchanged, however, since it is only a mixture of the same uniform dis-
tributions in both periods. Figure 3¢ shows that this mixture distribution has a
density of 1/12 over the range [—3,—1] and [1,3] and a density of 4/12 over the
range [—1,1]. Since the cumulative distribution of residuals does not change over
time, F; ' F,(u;,) = u,, and changes in the pricing function p,(.) fail to explain any
of the differences between the wage distributions in period ¢ and those in period s.

The problem is that the same transformation function F, ' F,(.) cannot explain
both the narrowing in the residual distribution for group L and the widening in the re-
sidual distribution for group L. In other words, the transformation function F, ! F,(.)
is a flexible monotonic function that does not, however, change the rank 7,, of each
residual in the distribution of residuals. Consider, for example, the rank in the overall
distribution of residuals of the type H worker with the lowest possible residual in pe-
riod ¢ (—1). It is clear from figure 3c that the rank of this worker is 1/6 in period ¢. In
period s, however, the residual for the same type H worker is now —3 with a rank of
0. In other words, it is not possible to transform the wage distribution of period ¢ to the
one of period s without changing the rank of the residuals of individual workers. By
assumption, the skill-pricing function does not affect the rank of the residuals. There-
fore, changes in the skill -pricing function cannot explain the changes in the wage
distribution.

Obviously, the story about changes in the price of unmeasured skills can be
rescued by assuming different changes in prices for H and L type workers. One
justification for this assumption is that the nature of unmeasured skills may not be
the same for the two types of worker. Perhaps we are dealing with unmeasured
‘cognitive’ skills for type H workers and unmeasured ‘manual’ skills for type L
workers. Under this scenario, changes in the wage distribution can fully be accounted
for by a decline in the price of manual skills (by a factor of 3 to 1) and an increase
in the price of cognitive skills (by a factor of 1 to 3).

The problem with this alternative skill-price story is that it is no longer imposes
any testable restrictions on the changes in the distribution of wages. By assumption,
changes in the residual distribution of wages within each sub-group of the popula-
tion are now explained by changes in skill prices specific to this particular sub-
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group. While this may be true, it is an empirically untestable explanation that does
not help in understanding the observed distributional changes.

6. Accounting for changes in the residual pricing function in the
decomposition

In this section I show how to compute empirically a counterfactual distribution that
accounts for changes in the skill-pricing function p,(.). The idea of constructing a
counterfactual wage like y2 = x;,b, + uf, (see section 5) was first suggested by IMP,
who suggest a simple procedure for computing the counterfactual residual u}. Their
idea is first to compute the rank 7, = F,(u;,) from the empirical distribution of
residuals and then select the residual at the same rank in the empirical distribution
of residuals in period s:%!

“ibt = Fs_l ('fhz)-

These imputed values of u}, and y? = x,,b, + uf, can now be used to generate a
counterfactual wage distribution that would have prevailed in period ¢ if the price of
measured human capital and the pricing function of unmeasured skills had been at
their period s level (i.e., b, and p,(.) instead of b, and p,(.)). As before, these
counterfactual wages can be combined with the counterfactual weight w§ to control
also for changes in the distribution of covariates. This extends JMP’s procedure that
does not account explicitly for changes in the distribution of covariates. The result-
ing counterfactual distribution now should account for all the changes from period
t to period s, except for those involving a change in the rank of the residual in the
overall distribution of residuals. Remember, from section 5, that those are the changes
that cannot be reconciled by a change in a single pricing function of unmeasured
skills. This happens when the distributions of residuals for different groups change
differently in a way that cannot be captured by a common transformation function.

An alternative interpretation of this decomposition exercise is that the
transformation

“iI; = Fs_lFt(uit)

yields a counterfactual distribution of residuals for period ¢ that is the same as in
period s, just like replacing b, by b, and re-weighting by w yields a distribution of
the predicted wage x;, b,, which is the same as it is in period s. However, combining
the counterfactual wage residual with the counterfactual predicted wage does not

21 One minor computational issue is that it is not generally possible to exactly match period ¢ and
period s residuals at a specific rank 7,,. One exception is when the two samples are equally
weighted and have the same number of observations. A simple solution is to discretize the distri-
bution of residuals in & intervals containing an equal (or close to equal) number of weighted
observations. For example, in the next section I use k = 500 and replace the actual residuals by
the average residual in each interval. This amounts to approximating F, by a step function with &
steps. Since the skill-pricing function is defined as the inverse of the cumulative distribution, this
means that the change in the skill-pricing function p,p; ' (.) = F, ' F,(.), is also being approxi-
mated by a step function with & steps.
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generally yield the same (counterfactual) distribution as the actual distribution in
period s.

The theoretical reason for this is that when a random variable y is the sum of two
random variables xb and u, knowledge of the marginal distributions of xb and u is
not generally sufficient to characterize the marginal distribution of y. In general, an
infinite number of marginal distributions of y is compatible with given marginal
distributions of xb and u. The exception is the case where xb and u are independent.
A unique marginal distribution of y can then be obtained from the convolution of
the distributions of xb and u. Since independence means that the distribution of
residuals is the same for all values of xb, there is no scope for the rank of residuals
to change over time.

By construction, xb and u are uncorrelated in the regression model. On the one
hand, since zero correlation is much weaker than independence, an infinite num-
ber of wage distributions (including the period ¢ counterfactual and the actual
period s distribution) are compatible with the marginal distributions of xb and u in
period s. On the other hand, zero correlation implies that the variance of the mar-
ginal distribution of wage is simply the sum of the variance of xb and u (covari-
ance term is zero). The variance of the counterfactual wage distribution obtained
using y2 weighted by w§ should thus be the same as the variance in period s.

This is another way of illustrating the empirical content of the last counterfactual
exercise. Changes in the pricing function p,(.) are such that they explain all the
remaining changes in the variance of wages between two periods. The question is
whether they can also explain more detailed aspects of distributional changes, such
as inter-percentile gaps or the shape of the distribution. This is an empirical ques-
tion that I address in the second example in the next section.

7. Empirical application no. 2: changes in wage inequality in the United
States

Following Juhn, Murphy, and Pierce (1993), the consensus in the literature is that
residual or within-group inequality has increased steadily since the 1970s as a result
of an increase in the return to unmeasured skills (Katz and Autor 2000; Acemoglu,
2002). This case is thus well suited to the extended decomposition method pro-
posed in sections 5 and 6.

I re-examine this question using hourly wage data from the May 1973 Current
Population Survey (CPS) and from the 1979, 1989, and 1999 outgoing rotation
group files of the CPS. (These data are available only in the May supplement of the
CPS from 1973 to 1978). The sample used and summary statistics are broadly
similar to those of DFL, Katz and Autor (2000), and Card and DiNardo (2002).
Following these studies, I weight all observations by the CPS sample weight multi-
plied by usual weekly hours of work. Details about data construction are provided
in appendix A.

Unlike the Canadian LFS, the public-use files of the CPS provide detailed age
and education categories. Following most of the literature, I also include marital
status and race in the list of covariates. As a result, it is no longer feasible to use the
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cell-by-cell approach of section 4 because there are too many cells. I use instead a
flexible functional form for both the regression model and the logit model used to
construct the re-weighting factor. In both cases, the covariates used are a set of six
education dummies fully interacted with a quartic function in experience, years of
schooling, a marital status dummy, and a race (white/non-white) dummy. The mar-
ital status and race dummies also are interacted with years of experience. Separate
models are estimated for men and women.

Figure 4 plots kernel density estimates for men in 1973, 1979, 1989, and 1999.
Consistent with previous studies, there is a clear widening in the wage distribution
over this time period. Another noticeable fact is the impact of the minimum wage at
the lower end of the distribution. In 1979 dollars, the minimum wage increased
from 2.62 in 1973 t0 2.9 in 1979, declined sharply to 1.96 in 1989, and recovered to
2.24 in 1999.22 Consistent with DFL, panel b shows a clear spike around the rela-
tively high minimum wage of 1979. By 1989, however, the minimum wage is so low
is has no noticeable impact on the lower end of the wage distribution. The increase
in the minimum wage in the 1990s also appears to have an impact on the density of
wages around $2.

As in DFL, figure 5 shows that the minimum wage has a much larger visual
impact for women than men. Since women earn lower wages, on average, the min-
imum wage is relatively much higher for women than for men. In particular, the
minimum wage has a huge visual impact on the wage distribution in 1979. The
minimum wage spike is in fact the mode of the distribution in that year. The dra-
matic change in the shape of the distribution between 1979 and 1989 appears to be
driven by the steep decline of the minimum wage during the 1980s. As in the case
of men, the recovery in the real value of the minimum wage during the 1990s
helped move up the lower tail of the distribution.

Table 3 reports the results of the decompositions for the variance and the 90-10,
50-10, and 90-50 gaps. As documented in many other studies, there is a sharp
increase in all dimensions of wage inequality during the 1980s for both men and
women. Both the variance and the 90-10 increase at a much slower pace during the
1990s. This is consistent with a smaller number of studies, such as Card and DiNardo
(2002) and Gosling and Lemieux (2002), that look at recent changes in wage inequal-
ity. For both men and women, however, the modest growth in the 90—10 gap in the
1990s masks a decline in the 50—10 gap and a substantial increase in the 90-50 gap.
The recovery in the real value of the minimum wage during the 1990s is consistent
with the decline of the 50—10 gap during this period. More generally, the 50-10 gap
for women appears to be strongly linked to the real value of the minimum wage.
The 50-10 gap decreases during both the 1970s and the 1990s when the real value
of the minimum wage increases. By contrast, it expands dramatically as the real
value of the minimum wage collapses during the 1980s.

For the 1970s, measures of inequality are stable for men but tend to decline for
women because of the substantial decline in the 50-10 gap. This finding is more or

22 The corresponding figures in nominal dollars are $1.60 in 1973, $2.90 in 1979, $3.35 in 1989,
and $5.15 in 1999.
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TABLE 3
Change in wage inequality in the United States, 1973-1999
Men Women
73-79  79-89 89-99 73-99 73-79 79-89 89-99 73-99
1 (2 3 @ (%) (6) (M (®)
A. Variance of wages
Total chg: —0.002 0.070 0.011 0079 -0.026 0.086 0.017 0.077
Effect of:
b —0.004 0.043 0.013 0.053 -0.016 0.039 0016 0.039
x 0.009 0.007 0.008 0.024 0.005 0.013 0.007 0.025
p —0.007  0.021 -0.009 0.006 —0.015 0.033 —0.005 0.014
Unexpl. Chg: 0.000 -0.001 —0.002 -0.003 -0.001 0.001 —0.001 0.000
B. Variance of wage
residuals
Total chg: —=0.003  0.030 0.000 0.027 -0.014 0.043 0.002 0.031
Effect of:
x 0.004 0.009 0.010 0.023 0.002 0.009 0.007 0.018
P —0.007 0.021 -0.010 0.004 —-0.016 0.034 —0.005 0.014
C. 90-10 gap in wages
Total chg: 0.003 0.169 0.028 0200 —0.077 0328 0.030 0.280
Effect of:
b —0.008 0.102 0.035 0.129 -0.054 0.126 0.031 0.103
x 0.021 0015 0.027 0.063 0018 0.056 0.029 0.104
P —0.003 0.056 -0.037 0.016 -0.031 0.096 —0.028 0.037
Unexpl. Chg: —0.006 —0.005 0.003 -0.008 —0.011 0.049 -—0.002 0.037
D. 90-10 gap in wage
residuals
Total chg: 0.001  0.104 -0.015 0.089 -0.034 0.183 —0.015 0.134
Effect of:
x 0.003 0019 0.025 0.047 0.004 0.038 0.025 0.068
P —0.003  0.084 -—0.040 0.042 -0.038 0.145 —0.040 0.066
E. 50-10 gap in wages
Total chg: 0.019 0.063 —0.044 0.038 -0.093 0.231 -0.039 0.099
Effect of:
b -0.006 0.051 —0.018 0.026 -0.024 0.063 -0.001 0.038
x 0.020 0.008 0.040 0.068 0.022 0.059 0.039 0.121
P -0.006 0.033 —0.035 -0.008 —0.042 0.059 -0.025 -—0.008
Unexpl. Chg: 0.012 -0.029 -0.031 -0.047 -0.049 0.050 —0.052 -—0.051
F 90-50 gap in wages
Total chg: -0.016 0.106 0.072 0.162 0.016 0.096 0.069 0.181
Effects of:
b -0.002 0.052 0.053 0.103 —-0.030 0.063 0.032 0.065
x 0.001 0.007 —0.012 -0.005 —-0.004 -0.003 —0.010 -0.017
p 0.003 0.023 —0.002 0.024 0.012 0.037 -0.003 0.046
Unexpl. Chg: —-0.018 0.024 0.034 0.040 0.038 —0.001 0.050 0.088
NOTES

Sample contains wage and salary workers age 16—64. See appendix A for more details.
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less consistent with the limited number of studies in which inequality in hourly
wages has been considered.”® By contrast, most other researchers look at earnings
inequality and conclude that inequality increased significantly during the 1970s.**
Reconciling the behaviour of hourly wage and earnings (wage times hours) inequal-
ity during the 1970s is beyond the scope of this paper. Since theories of wage
determination including human capital theory typically focus on the hourly price of
labor, I only analyze the inequality in hourly wages in this paper.

The decomposition results for men in the 1980s (column 2) are very similar to
those of JMP for 1979-88. JMP find that the 90—10 gap increased by 0.208 com-
pared with 0.169 here. As in table 3, they find that changes in the ‘prices of observ-
ables’ (b,) account for more than half of the change and that the role of changes in
the distribution of ‘observables’ (distribution of x) is negligible. In their setting,
residual changes in inequality account for about 40 per cent of the total change,
which is similar to the contribution of changes in the pricing function of unmea-
sured skills in table 3. I discuss in more detail in section 8 how the decomposition
procedure of JMP compares with the one used here.

Consistent with the existing literature, the results thus suggest that the increase
in inequality for men in the 1980s is due to an increase in both the return to mea-
sured characteristics and the pricing function of unmeasured skills. The results in
column 6 suggest that a broadly similar conclusion could be reached for women.

Those conclusions change substantially, however, when the period of analysis is
expanded beyond the 1980s. Most important, the role of changes in the pricing
function of unmeasured skills for men becomes very small when the whole 1973-99
period is considered in column 4. For both the variance and the 90-10 gap, this
source of change now accounts for less than 10 per cent of the increase in inequality
between 1973 and 1999. By contrast, changes in the distribution of x now account
for about a third of the change in inequality, leaving the contribution of changes in
b, over 60 per cent, as in the 1980s.

Panel B shows that this reversal in the role of p,(.) and the distribution of x is due
to composition effects in the variance of residuals. In the 1980s, 0.021 of the 0.030
increase in the residual variance is attributable to the rise in price of unmeasured

23 The findings reported in table 3 are very similar to those of Card and Lemieux (1996) and
DiNardo, Fortin, and Lemieux (1996) for the 1973-79 period. Using the May CPS data for 1973
and 1979, Katz and Autor (2000) find that the variance of log wages increased by 0.01 for men
and declined by 0.03 for women during the 1970s, which is quite close to the numbers reported in
table 3. Inequality in average hourly wages can also be computed using data from the March CPS,
starting in 1975. Both Karoly (1993) and Card and DiNardo (2002) find little change in inequality
from 1975 to 1980 using this alternative measure of hourly wage inequality.

24 See, for example, Juhn, Murphy, and Pierce (1993), Katz and Autor (2000), and Acemoglu (2002).
Prior to 1973 no direct measures of hourly wages were available in the CPS. The closest proxy to
an hourly wage before 1973 is weekly earnings of full-time workers (35 hours or more) working
full-year. One drawback of this measure is that it is not representative of the whole workforce.
Inequality in the wage measure also depends on the distribution of weekly hours of work among
full-time workers. Since direct measures of hourly wages have been available for 30 years, the
benefits of extending the sample prior to 1973 are no longer as clear as they were when wage
inequality became a major topic of interest in the mid- to late-1980s.
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skills while composition effects only account for 0.009. Composition effects are
also important in the 1970s (0.004) and the 1990s (0.010), however, while the
variance of the residuals is relatively stable. Over the whole 1973-99 period, com-
position effects now account for a 0.023 growth in the variance, leaving only 0.004
to changes in skill prices. A more detailed analysis of the variance of the residuals
by groups of workers indicates that it is systematically higher for more experienced
and more educated workers.”® The composition effects are due to the fact that the
working age population is getting older and more educated. Increasingly more weight
is thus put on groups with higher residual variances.?

Results for women are qualitatively similar. Over the 1973-99 period, changes
in the price of unmeasured skills account for only a small fraction of the growth in
inequality. The bulk of the change is explained by changes the prices of measured
skills or in their distribution. Note also that part of the change (0.037) in the 9010
gap cannot be explained by any of these three factors. As discussed in Section 5,
this suggests that changes in the skill pricing function of unmeasured skills cannot
account for all the residual change in the wage distribution. Panels E and F show
that a large fraction of changes in the 50—10 and 9010 gaps also cannot be explained
by the three factors. Clearly, there are some changes in the shape of the wage
distribution that those three factors have difficulty in explaining.

These changes in shape are examined in more detail in figure 6. The figure shows
changes in real wages at each percentile of the wage distribution. This useful way of
summarizing wage changes at different points of the distribution was used exten-
sively by JMP. One minor difference relative to JMP is that I use the ‘normits’ of
the different centiles (inverse of the cumulative standard normal distribution) on the
x-axis.”” Figure 6 shows both the overall changes by percentiles for each of the
three sub-periods as well as the unexplained change that cannot be accounted for by
any of the three factors.

If the three factors explained perfectly all the change in the wage distribution,
then the residual change would be a horizontal line. Departures from the flat line

25 Controlling for experience, the variance of the residuals for workers with a post-graduate degree
is about twice as high as for high-school graduates or dropouts in the sample years considered.
The residual variance also grows steadily as a function of experience. It increases by about 50 per
cent in the first 20 years of experience and keeps growing at a slower rate thereafter.

26 Interesting to note, these composition effects could have been predicted ex ante to a large extent
from the detailed analysis of residual wage dispersion of Mincer (1974). Using data from the
1959 U.S. Census, Mincer found that residual wage dispersion generally grew with experience
(past the overtaking point). Mincer also found that education increased dispersion for experienced
workers but decreased dispersion for older workers. As is well known, average experience has
increased substantially since the early 1980s with the aging of the baby-boom cohort. While aver-
age education has increased rapidly for more experienced workers since the mid-1970s, it
remained relatively constant for younger workers throughout this period (Card and Lemieux
2001a, 2001b). Combined, all these factors contributed to increasing the variance of residuals.

27 When the normits are not used, plotting wages by centiles simply traces down the inverse of the
cumulative distribution, which is highly non-linear (unless the distribution is uniform) and diffi-
cult to interpret. When the distribution is log normal, then the function is linear which is very
convenient. Since most distributions of log wages look much more like a normal than a uniform
distribution, it is more convenient to use normits on the x-axis.
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FIGURE 6 Change in real wages by percentile

indicate the extent to which the three factors fail to explain changes in the shape of
the wage distribution. A simple characterization of figure 6 is that the three factors
are quite successful in explaining the linear trend in wage changes as a function of
the normits. They are much less successful, however, in explaining departures from
linearity. For example, for men in the 1980s the three factors explain virtually all
the change in wages by percentiles above the 10th percentile where the wage changes
are more or less a linear function of the normits. By contrast, changes in the min-
imum wage induce some non-linearity at the very bottom of the distribution that
ends up in the unexplained changes. It is not surprising that the three factors have
even more difficulty in explaining the drop in female wages around the 5-10th
centile during the 1980s, which is also likely linked to the decline in the real value
of the minimum wage. By contrast, changes above the 20" percentile are well
explained by the three factors. Unexplained changes in the lower end of the distri-
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bution in the 1970s mirror what happened in the 1980s, since there is an unexplained
wage gain at the lower end of both the male and the female distributions. This
unexplained gain is consistent with wages at the low end rising because of the
increase in the minimum wage.

The 1990s is another interesting case, since wage changes by percentiles are
U-shaped during this period, with both the lower and higher wage percentiles grow-
ing more than the median. Most of the U-shape remains in the unexplained part of
the change, suggesting once again that the three factors have a hard time capturing
the non-linear part of the changes by percentiles.

Figure 7 shows the changes in the wage distribution by percentiles over the
whole 1973-99 period. For both men and women, there is a clear expansion in wage
inequality above the 25™ percentile (figures 7a and 7c). Below the 25™ percentile,
however, the wage gains tend to be more substantial at the lower end. Except below
the 5™ percentile, wage changes are thus a convex function of the normits. Much of
this convexity remains in the unexplained part of the wage changes.

Figures 7b and 7d show the contribution of the three factors to overall changes in
wages by percentile for men and women, respectively. Consistent with the results in
table 3, change in unmeasured skill prices (the p,(.) function) explains little of the
change in the male wage distribution. It accounts, however, for some of the con-
vexity in wage changes. By contrast, change in the regression coefficients 4, accounts
for most of the growth in inequality above the 25™ percentile. Wage changes due to
changes in the distribution of the covariates are not as systematically linked to the
overall change in wages. Most of the impact of this factor on inequality is below the
50" percentile, which is not the place where most of the growth in inequality takes
place. In fact, panel E of table 3 (column 4) shows that the effect of changes in the
distribution of covariates (0.068) is larger than the overall change in the 50-10 gap
(0.038). As a result, the three factors over explain the change in the 50—10 and the
unexplained change is large and negative. By contrast, the three factors under explain
the change in the 90-50 gap (panel F). Thus, while unexplained changes not
accounted by the three factors are negligible for the 90—10 gap, they play a sub-
stantial role in changes in the 50—10 and 90-50 gaps. This confirms the overall
message that the three factors do not explain very well changes in the shape of the
wage distribution.

Figure 7d shows the impact of the three factors for women. The results are
generally similar to those for men. As in the case of men, changes in the regression
coefficients b, are the most important explanation for overall changes in wages in
the middle and upper part of the wage distribution. Similarly, the impact of changes
in unmeasured skill prices is convex while the impact of changes in the distribution
of covariates is concentrated below the 50 percentile. As in the case of men too,
table 3 shows that the three factors over explain changes in the 50—10 gap but under
explain changes in the 90-50 gap.

In summary, the main findings of this empirical application are as follows:

* Changes in the regression coefficients constitute the most important explanation
for changes in wage inequality between 1973 and 1999.
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» Over the same period, most of the increase in the variance of the residuals is due
to composition effects as opposed to an increase in the price of unmeasured
skills. This is in sharp contrast to the 1979—89 period, in which prices of unmea-
sured skills account for most of the increase in the variance of residuals.

* The three systematic factors (changes in b,, p,(.), and in the distribution of covari-
ates) do not explain very well the non-linear aspects of changes in wages by
percentile. In particular, they fail to account for minimum wage effects at the
lower end of the distribution. This is particularly clear in the case of women in the
1980s.

The finding that most of the increase in the variance of the residuals is due to
composition effects as opposed to an increase in the price of unmeasured skills is at
odds with most of the existing literature summarized by Katz and Autor (2000) and
Acemoglu (2002). As illustrated in table 3, part of this discrepancy stems from the
fact that I use data up to the late 1990s. Another source of difference is that, unlike
most other authors, I account explicitly for composition effects in the dispersion of
residuals.

8. Other decompositions methods

In this section, I contrast the proposed decomposition methods with other regression-
based methods as well as with more general procedures.

8.1. Juhn, Murphy, and Pierce (JMP) method
The JMP method aims at decomposing change in the wage distribution in three
components: changes in observable prices (b, here), changes in observable quanti-
ties (changes in the distribution of covariates here), and residual changes. As men-
tioned earlier, there is no difference between the way JMP and I (in section 3) deal
with b,, the idea being simply to replace b, by some counterfactual 5. The main
difference is that the JMP procedure does not account explicitly for changes in the
distribution of the covariates. What JMP do instead is to account for changes in the
distribution of wage residuals using their residual imputation procedure described
in section 6, and then define the effect of changes in covariates as what is left
unexplained by the first two factors. By contrast, the procedure proposed in section
3 accounts explicitly for changes in the distribution of covariates.

The outcome of this decomposition depends critically on how changes in the
distribution of residuals are modelled. To see this, note that JMP formally allow for
the distribution of residuals to depend on the covariates:

Uy = F,_'(n,-,lxi,). (16)

From section 5, it is easy to see what the JMP decomposition would yield if the
distribution of residuals were not allowed to depend on x, that is, if we had u;, =
F;'(m,;,) instead of equation (16). This is a special case of the JMP decompositions
that has been used in several studies, such as Blau and Kahn (1997). Call this first
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version of the decomposition JMP1.2® Leaving aside issues linked to the order of
the decomposition, the residual imputation procedure of JMP1 would capture only
what I call in section 5 the effect of changes in the pricing function of unmeasured
skills (changes in the p,(.) function). What JMP call the effect of observable quan-
tities (distribution of covariates) would then be a mix of the true effect of changes
in the distribution of covariates plus the change unexplained by the three factors. It
is clear from the example of section 7 that this unexplained change can be quite
substantial.

At the other extreme, if the residuals are allowed to depend on x in a very flexible
way, then the residual imputation procedure should capture all the residual change
in the distribution of section 3. Call this second version of the JMP procedure
JMP2. 1t is easier to see how the procedure works in the cell-by-cell case considered
earlier. In this case, the counterfactual residual

up = Fo () xie)

can be obtained by applying the residual imputation procedure within each cell. In
other words, the rank 7,, of the residual u,, can be computed within the relevant cell.
The imputed residual u?, is the residual at the same rank in the period s distribution
of residual for the same cell. As a result, the distribution of residuals for observa-
tions with a given value of x,, is being replaced by the period s distribution. This is
equivalent to starting with the wage distribution in period s and reweighting with
the factor 1/y; to get the same distribution of x as in period ¢. The re-weighted
distribution now has the same distribution of x as in period ¢, but the distribution of
residuals (within each cell) of period s is preserved.

It would be more difficult to implement JMP2 in the case where it is not feasible
or desirable to divide the data in a relatively small number of cells. Some alternative
estimation procedures discussed below would have to be used to estimate the dis-
tribution of the residuals, conditional on x. While some estimation issues are also
involved in constructing the re-weighting factor, the estimation problem linked with
finding an appropriate functional form for a logit or a probit remains much simpler
than carrying over some flexible estimation of conditional wage distributions. Note
that Juhn, Murphy, and Pierce (1993) do not discuss how exactly they condition on
x when implementing their procedure empirically. It is therefore difficult to know
whether they use what I call the JMP2 procedure or something that is in between
JMP1 and JMP2.

In summary, the JMP2 procedure is equivalent to the re-weighting procedure of
section 3. The main advantage of the re-weighting approach is that it is much easier
to implement empirically. For reasons discussed in section 5, it does not seem
appropriate to attach particular economic interpretations, such as an increase in
prices of unmeasured skills, to the residual part of the decomposition that comes

28 See Green, Hamilton, and Paarsch (1997), who also consider these two possible versions of the
JMP decomposition. They also compare the JMP procedure with the method of Donald, Green,
and Paarsch (2000) discussed below.
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out of these procedures. By contrast, it is legitimate to interpret as evidence of an
increase in the price of unmeasured skills the outcome of the residual imputation
procedure in JMP1. The problem with JMP1 is that the effect of changes in the
distribution of covariates and changes that are unexplained by the three factors of
section 5 are mixed together.

8.2. Modelling the conditional distribution of wages

When the data can be divided in a limited number of cells, the decomposition
procedure of section 3 can be implemented automatically without worrying about
specification issues. I also argue that when the data cannot be divided into a small
enough number of cells, the same decomposition method can be used by estimating
flexible functional forms for the regression equation and the logit or probit
re-weighting model. However, both the decomposition results and their statistical
properties depend on how those functional forms are chosen. Other decomposition
methods that involve different parametric restrictions are also available in the
literature.

For example, Gosling, Machin, and Meghir (2000) and Machado and Mata (2002)
propose an alternative decomposition procedure based on the estimation of quantile
regressions. They consider the following regression model for the 8™ quantile of y
conditional on the covariates x (6 goes from 0 to 1):

Qo(y,x) = xB(6). (17)

It is easier to understand how quantile regressions work in the cell-by-cell case.”’
Consider, for example, the median (6 = 0.5). The median regression can be esti-
mated by first computing the median within each cell and then running a standard
regression of the medians on x. This yields an estimate of 8(0.5). Similar regres-
sions can also be run for all other quantiles, including the 10™, the 90™, and so on.
In theory, running regressions for all possible quantiles should describe the whole
conditional distribution of wages.° It is then possible to use the models estimated
for various periods to construct counterfactual distributions.

Donald, Green, and Paarsch (2000) use an alternative method based on the esti-
mation of hazard models. The hazard function for y given x is

h(ylx) = f(y|x)/S(y|x),

where f(y|x) is the conditional density and S(y|x) =1 — F(y|x) is the survivor
function. Since the survivor is a function of the density, estimates of the density (or

29 See Chamberlain (1994) and Buchinsky (1994) for more details. Koenker and Bassett (1978)
suggest a now standard estimation method that involves solving a linear programming problem in
cases where the data cannot be divided into cells.

30 In practice, Machado and Mata (2002) use a bootstrap approach to stochastically impute a coun-
terfactual (or simulated wage) to each observation. The idea is to draw a random value of 6 for
each observation, estimate the corresponding quantile regression (in a different period when per-
forming the counterfactual exercise), and compute the predicted quantile at the actual value of x
for this observation. One drawback of this approach is that it requires estimating a large number
of quantile regressions, which is computationally involved. Gosling, Machin, and Meghir (2000)
aggregate directly the conditional quantiles into an unconditional wage distribution.
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of the cumulative distribution) can be inferred back from the hazard. Donald, Green,
and Paarsch then rely on the large literature on the estimation of duration models to
estimate the hazard function. The estimates can then be used to generate a variety of
counterfactual distributions.

It is beyond the scope of the paper to compare in detail the performance of the
various methods in actual applications. The method proposed in section 3 is the
simplest to implement, but other methods may have particular advantages, depend-
ing on the setting. For example, when the dependent variable is an actual duration
(like the duration of unemployment spells), the Donald, Green, and Paarsch method
is the most natural to use, since the hazard function plays a role similar to the
regression function in wage determination models.

8.3. Index models
When the distribution of wages is under consideration, a natural generalization of
the Mincer-type human capital equation is the following index model:

Vie = pi(xna + my). (18)

In economic terms, the function p,(.) represents a general skill-pricing function,
while x;,a + m,, is human capital (both measured and unmeasured). Relative to the
model I consider in section 5, the flexible pricing function p,(.) now applies to both
measured and unmeasured human capital instead of unmeasured human capital
only. Which specification is more accurate depends on the underlying version of the
human capital model. The earlier approach of using different pricing schemes for
measured and unmeasured human capital is based on the idea that these are two
very different types of human capital.

However, this is not necessarily consistent with a Mincer type model. For instance,
in the pure OJT model there is only one type of human capital (training). The x
variable (potential experience here) captures the mean value while residuals cap-
ture dispersion in OJT investments for individuals with same level of experience.
Since there is only one type of human capital in this setting, it is appropriate to use
a single pricing function.

In terms of equation (18), Mincer focuses on the case where the pricing function
D, is linear when y,, is log wages. One possible generalization is to use a Box-Cox
specification (see Heckman and Polachek 1974), which is consistent with a range of
functional forms for p,(.). More recently, Fortin and Lemieux (1998) and Teulings
(2000, 2002) have used flexible methods to estimate the function p,(.). Fortin and
Lemieux assume that 7);, is distributed i.i.d. normal and discretize y,, in 200 inter-
vals. In this setting, the model can be estimated using an ordered probit model, and
the function p,(.) can be recovered from the estimated thresholds of the ordered
probit. It is interesting that they find that p,(.) is relatively linear except around the
value of the minimum wage.

Teulings uses instead high-order polynomials as a flexible functional form for
p.(.). Instead of assuming a specific distribution for 7,,, he allows for a flexible
distribution for y;,. The main advantage of the Teulings approach relative to others
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is that it can be shown to be consistent with an underlying production function,
where the elasticity of substitution between skill groups is distance dependent. This
enables him to interpret within a well-specified general equilibrium model the large
distributional impacts of the minimum wage.

An informal examination of the evidence in Fortin and Lemieux (1998) and
Teulings (2002) suggest that these single-index models are more successful at cap-
turing changes in the shape of wage distributions than the regression-based method
of section 5. It is easy to understand why this is the case in the presence of mini-
mum wage. Rewriting equation (18) as

p:l()"it) =xatmn;

shows that the pricing function allows to transform the distribution of wages in a
flexible way, just as p,(n,,) allowed transformation of the distribution of residuals in
a flexible way in section 5. Since the minimum wage has a specific impact at a
particular point in the wage distribution, this can be easily captured by the p,(.)
function in the index models. By contrast, the impact of the minimum wage on the
distribution of residuals in a standard wage regression depends on the value of the
covariates. For workers with low education and experience, the minimum wage has
an impact higher in the distribution of residuals than it does for more skilled work-
ers. A unique pricing function for the residuals of all groups pooled cannot, there-
fore, adequately capture the effect of the minimum wage.

Nonetheless, the decomposition methods suggested in sections 3 and 5 remain a
useful first step in analysing the effect of various factors on changes in the distri-
bution of wages. They help to establish a diagnostic for which particular features of
the distribution may require further modelling using more complicated approaches,
such as these index models.

9. Concluding comments

The main contribution of this paper is to propose a simple procedure for decom-
posing changes in the wage or other distributions into three factors: changes in
regression coefficients, changes in the distribution of covariates, and residuals
changes. The procedure is easy to implement, since it requires only estimating
standard OLS regressions augmented by a logit or probit model. I also show how
the procedure can be extended by modelling residuals as a function of unmeasured
skills and skill prices.

The proposed procedure helps to clarify some of the conflicting results in the
literature on changes in wage inequality over the last decades. Like most other
researchers, I find that increases in the returns to measured skills like experience
and education play a major role in secular increases in wage inequality in the United
States. [ also find, however, that this explanation does not account well for the
changes at the bottom of the wage distribution. More important, I find that much of
the increase in residual wage inequality is due to changes in the composition of the
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workforce. This suggests that increases in the price of unmeasured skills does not
play much of a role in the overall growth in wage inequality since 1973. There is an
interesting parallel between these results and those of Lee (1999) and Teulings
(2002), who find that, in the 1980s, changes in the minimum wage explain essen-
tially all the change in the lower end of wage distribution and in the residual wage
inequality. However, both of these authors still find, as I do, that changes in the
returns to measured skills play a significant role in the growth in inequality.

The proposed procedure can also be viewed as an extension to the distributional
case of the well-known Oaxaca-Blinder decomposition. I show in an empirical
example how differences in the whole wage distribution of women in Alberta and
British Columbia can be divided into the effect of the regression coefficients and
covariates, just like it is commonly done in decompositions of the mean.

Finally, I focus only on estimation in this paper. What about statistical inference?
Given the nature of the decomposition procedure used, the most natural way of
conducting statistical inference is to use a bootstrap procedure, that is, resample
with replacement from the data sets for both time periods. The whole decomposi-
tion procedure is then repeated on these new samples over and over again to con-
struct an empirical distribution of the statistics of interest. It would be particularly
important to go through such procedures in cases where the number of observations
available is limited.

Appendix A

In the May 1973 CPS and the 1979, 1989, and 1999 outgoing rotation group files of
the CPS, all workers paid by the hour are asked to report their usual hourly wage on
their main job. All wage and salary workers are also asked to provide their usual
weekly earnings and usual weekly hours of work on their main job.*! The measure
of hourly wages I use is the hourly wage for workers paid by the hour and average
hourly earnings (weekly earnings divided by hours) for others. Since self-employed
workers are not asked about their earnings, they are not part of these wage samples.
I use a broad sample of all workers age 16 to 64 but weight observations by hours
of work to avoid putting too much weight on workers marginally attached to the
labour market, such as full-time students. Following other studies, I trim extreme
values below $1 or above $100 (deflated to 1979 dollars using the CPI-U) and
multiply the wage of workers whose earnings are top-coded by an adjustment factor
of 1.4. In May 1973 the wage is missing for workers who did not report their
earnings. In 1979 and 1999 missing earnings are imputed by the U.S. Census Bureau
and allocation flags indicate which observations have been imputed. Missing earn-

31 Note that, starting in 1994, workers have the option of reporting the wages and earnings on a
more convenient basis, such as monthly or annual earnings. Weekly earnings are then obtained by
dividing earnings by the appropriate number of weeks. Starting in 1994, workers can also report
variable hours instead of a given number of usual hours of work. In the 1999 CPS, I impute hours
for these workers using an algorithm suggested by Anne Polivka of the U.S. Census Bureau.
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ings are also imputed in 1989, but accurate allocation flags are not available (see
Hirsch and Schumacher 2001, for a detailed discussion of allocation issues in the
CPS). For the sake of consistency, allocated earnings are used to examine changes
in the wage distribution between 1979 and 1989 and 1989 and 1999, while allo-
cated earnings are excluded from 1979 in order to examine changes between 1973
and 1979. Changes from 1973 to 1999 are computed as the sum of the changes for
1973-79, 1979-89, and 1989-99. The six education categories I use in the regres-
sion and logit models are 0-8, 9-11, 12, 13-15, 16, and 17+.
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