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This paper proposes a semi-parametric procedure to determine the contribution of human capital variables in
explaining the changes of U.S. wage distribution function over the period of 1990–2000. The effects of these fac-
tors are estimated by using the Chamberlain's two stage Box–Cox quantile regression approach. One of the main
contributions of this paper is that it relaxes the linearity assumption of the conditional quantile function to esti-
mate the counterfactualwage distribution function consistently. This paper also shows that theproposedmethod
provides better estimates of capturing the effects of human capital variables in the two tails of thewage distribu-
tion while the results of other parts of the distribution are comparable with the estimates of the previous study
which used the linear quantile regression approach. To summarize, these results suggest that this proposed ap-
proach is more applicable in cases where the behavior of the tails of the distribution bear much importance.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Developing new decomposition methods to explain the changes in
the wage distribution function has been an extensive research area for
the last 20 years. The main reason for the continued interest in this
topic is that wage inequality in several countries, specifically in the
United States, has increased sharply since the early 1980s. Autor et al.
(2008) show that the slowing of the growth of overall wage inequality
in the 1990s hides a divergence in the paths of upper-tail (90/50) and

lower-tail (50/10) inequality. The upper-tail inequality has increased
steadily since 1980, even adjusting for changes in the labor force com-
position; lower-tail inequality rose sharply in the first half of the
1980s and contracted thereafter. In this paper, I focus on the role
human capital variables play in causing changes in the U.S. wage distri-
bution function during the period of 1990 to 2000.

This paper proposes an extension of the decompositionmethod pro-
posed by Machada and Mata (2005). The aim is to estimate a counter-
factual distribution function F, which is of the form

F wð Þ ¼ ∫G w xj ÞdH xð Þ:ð

Here G(·) is the conditional Cumulative Distribution Function (CDF)
of wage (w) given the covariates (X) in period t=0 andH is the uncon-
ditional CDF of X in period t=1.Machada andMata (2005) estimate the
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inverse ofG through a linear quantile regressionmodel and estimate the
integral through a simulation method. Machada andMata (2005) point
out that one of the limitations of their approach is that the linearity as-
sumption of the conditional quantile function may be violated in many
scenarios when applying real life data. This paper shows that the linear-
ity assumption does not hold when G(·) is a very skewed distribution
function.

Barsky et al. (2002) show that the Oaxaca-Blinder (1973) decompo-
sition, based on the linear regression model, yields biased estimates of
the decomposing terms when the underlying conditional expectation
of Y given X is nonlinear. The Barsky et al. (2002) results can be extend-
ed in the quantile regression framework. This extension implies that the
Machada andMata (2005) approach gives consistent results onlywhere
the conditional quantile function is approximately linear.

In this paper, I suggest aflexible nonlinear quantile regressionmodel
for G, namely the Chamberlain Buchnisky Box–Cox model. The main
reason for proposing this model is that the shape parameter in the
Box–Cox model adjusts with each quantile of the wage distribution
function to estimate the conditional quantile function. I also develop
the formal asymptotic properties of the proposed decompositionmeth-
od and apply the method by using U.S. labor market data for the period
of 1990–2000 from the American Community Survey.

Recently, there have been several papers that have studied decom-
position methods, including Chernozhukov et al. (2013a), Rothe
(2010a, 2012a, b), Firpo et al. (2011, 2007), Antonczyk et al. (2010),
Altonji et al. (2008), Melly (2005), and DiNardo et al. (1996). (See also
the extensive survey by Fortin et al. (2011) on the wage decomposition
literature.) These papers showhow the functionGmentioned above can
be estimated by a wide range of parametric, semi-parametric or non-
parametric methods.

DiNardo et al. (1996) analyze the effect of a change in the condition-
al distribution of a single covariate given the remaining ones (see also
Donald et al. (2000) and Gosling et al. (2000)). Hirano et al. (2002)
and Firpo (2007, 2010) establish the efficiency of this estimation meth-
od. However, the DiNardo et al. (1996) method becomes practically in-
feasible when there are too many continuous variables. Moreover,
reweighting can have some undesirable properties in small samples
when there is a problem of common support. Frolich (2004) finds that
reweighting estimators perform poorly in this context.

Rothe (2010a) proposes a fully non-parametric method to find the
effect of an exogenous change in the distribution of covariates on the
unconditional distribution of the outcome variable. In the wage decom-
position literature, many researchers including Chernozhukov et al.
(2013a), Firpo et al. (2011, 2007), and Machada and Mata (2005) pro-
pose parametric models. Using a correctly specified parametric model
results in efficiency gains compared to the fully non-parametric
method; however, such estimators are generally inconsistent when
the parametric assumptions are violated.

Most recently, Rothe (2012a) measures the partial effect of a coun-
terfactual change in the unconditional distribution of a single explana-
tory variable on some features of the unconditional distribution of Y in
the context of a non-separable model. In a related paper, Firpo et al.
(2009) estimate the impact of changing the distribution of explanatory
variables X on the marginal quantiles of the dependent variable Y or
other functionals of the marginal distribution of Y. By using either of
the methods, one can directly calculate the distributional features.
Firpo et al. (2009) identify their models only when X is exogenous.
Rothe (2010b) estimates the unconditional partial effects in a
nonseparable triangular model with endogenous regressors by using
the control variable approach proposed by Imbens and Newy (2009).

Machada andMata (2005) consider the effect of a change in the un-
conditional distribution of one of the covariates while holding constant
the conditional distribution of the remaining covariates. Chernozhukov
et al. (2013a) introduce the distributional regression model that corre-
sponds to either changes in the distribution of the covariates, or changes
in the conditional distribution of the outcome given covariates, or both.

Chernozhukov et al. (2013a) argue that the distributional regression is
an alternative to quantile regression. Thus, both the approaches provide
similar results when the support of X is sufficiently rich.

Chernozhukov et al. (2013a) point out thatMachada andMata (2005)
method works well if Y has a smooth conditional density and may pro-
vide a poor approximation of the conditional distribution function
when Y is discrete or consists ofmass points. In contrast, distributional re-
gression does not require smoothness of the conditional density because
the approximation is done pointwise in the threshold Y, and thus handles
continuous, discrete, or mixed Ywithout any special adjustment.

This paper contributes to the previous literature by developing a flex-
ible decomposition method to analyze the differences in the distribution
of individuals' economic outcomes across two countries, time periods or
subgroups of the population. In particular, the results can be used to
make inference on the change of the distribution function as a whole, its
moments, quantiles, and inequality measures such as the Lorenz curve
or Gini coefficient. I also show that the estimated counterfactual distribu-
tion function of the proposed method converges to the true distribution
function asymptotically. This asymptotical property of the proposed de-
composition method establishes the validity of the inference procedure.

The empirical contribution of this paper is that the proposed
decomposition method can precisely estimate the contribution of
human capital variables especially in the two tails of the wage distribu-
tion function. In comparison with the proposed decomposition method
results, I find that the Machada and Mata (2005) approach underesti-
mates the price effects of labor market in the lower-tail and overesti-
mates in the upper-tail of the U.S. wage distribution function for the
period 1990–2000. Differences in the rest of the parts of thewage distri-
bution function are not statistically significant.

The proposed decomposition method results show that there is a
steady rise in upper-tail wage inequality and a flat or declining lower-
tail wage inequality during the 1990s. The results are consistent with
Autor et al. (2008). Autor et al. (2005) called this phenomena the
‘polarization’ of the U.S. labor market, with a particularly strongmarket
forworkers in the top parts of the skill distribution and, at the same time
a deterioration in market conditions for workers in the middle, and
reasonably steady market conditions for those near the bottom.

The structure of the paper is as follows. Section 2 describes the
econometric model, the construction of the counterfactual wage
distribution function, and the decomposition of the wage distribution
function. In Section 3, I discuss the data, show the empirical results
and also compare the results with the conventional wisdom of the
wage inequality literature. I conclude in Section 4. All the proofs are
shown in the Appendix.

2. Econometric model

TheMincer equation is themostwidely used specification of the em-
pirical earnings equation in the labor economics literature. This equa-
tion is typically specified in the linear functional form. A more general
approach would be not to constrain themodel to linear form but rather
to let the data determine the exact transformation that results in a linear
relationship between the dependent variable and the covariates. Box
and Cox (1964) suggest such a model in a nonlinear setup.

2.1. Model setup

The econometric model I use in this paper specifies that the τth
conditional quantile of w (wage), given x (Quantτ(w|x)), depends on a
linear index, x′βτ, through a nonlinear function g(·), that is,

Quantτ w xj Þ ¼ g x0βτ ;λτ
� �� ð1Þ

where g(·) is strictly monotonically increasing in x′βτ and also depends
upon the parameter λτ. Moreover,w N 0, x∈ℝk are observed, while the
parameters βτ ∈ B ∈ ℝk and λτ ∈ ℝ are unknown and τ ∈ (0,1).
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The specification of model (1) is quite flexible because it depends on
the linear index x′βτ and allows the whole transformation to change for
each different quantile τ ∈(0,1). Powell (1991) shows that the Box and
Cox (1964) transformation can be estimated in a nonlinear quantile
regression framework.

In the Box–Cox transformation, the inverse of g(x′βτ, λτ) is given by

wλ ¼ g−1 w;λð Þ ¼ wλ−1
� �

=λ ifλ≠ 0
log wð Þ ifλ ¼ 0;

(
ð2Þ

assuming λ ∈ ℝ and ℝ ¼ λ;λ
� �

to be a finite closed interval. The
advantage of using the Box–Cox transformation is that it preserves the
ordering of the observation due to the equivariance property of
quantiles with respect to the monotonically increasing wλ. Therefore,

Quantτ wλ xj Þ ¼ g−1 Quantτ w xj Þð Þ:ð
�

ð3Þ

Using the Box–Cox transformation as the inverse of g(x′βτ, λτ),
Eq. (1) becomes

Quantτ w xj Þ ¼ λτQuantτ wλ xj Þ þ 1ð Þ1=λτ
��

ð4Þ

Buchinsky (1995) shows that the Box–Cox transformation specified
in Eq. (2) satisfies the property

Quantτ wλ xj Þ ¼ x0βτ :
� ð5Þ

By using Eqs. (4) and (5), the conditional quantile function of w
given x becomes

Quantτ w xj Þ ¼ λτx
0βτ þ 1

� �1=λτ :
�

ð6Þ

Note that the conditional quantile function, Quantτ(w|x) becomes
linear when λτ = 1.

The estimation of βτ and λτ is studied by Powell (1991), Chamberlain
(1994), Buchinsky (1995) and Fitzenberger et al. (2010). Box–Cox
quantile regression minimizes the distance function

min
βτ∈B;λτ∈ℝ

1
n

Xn
i¼1

ρτ wi− λτx
0
iβτ þ 1

� �� �1=λτ ; ð7Þ

where the loss function is given byρτ uð Þ ¼ τ uj jIu≥0 þ 1−τð Þ uj jIub0 and I
denotes the indicator function. Powell (1991) shows that these nonline-
ar estimators λ̂τ and β̂τ are consistent and asymptotically normal.

2.2. Chamberlain Buchinsky Two Step (CBTS) Estimation

Chamberlain (1994) and Buchinsky (1995) suggest the following two
step procedure which exploits the equivariance property of quantiles:

Step 1 Estimate βτ(λτ) conditional on λτ by

β̂τ λτð Þ ¼ arg min
βτ∈B

1
n

Xn
i¼1

ρτ wλi
−x0iβτ

� �
ð8Þ

Step 2 Estimate λτ by solving

min
λτ∈ℝ

1
n

Xn
i¼1

ρτ wi− λτx
0
iβ̂τ λτð Þ þ 1Þ1=λτ

� ��
ð9Þ

Chamberlain (1994) shows the asymptotic distribution of the CBTS
estimators. Buchinsky (1995) derives large sample properties of this es-
timator for discrete regressors when applying the minimum distance
method.

Fitzenberger et al. (2010) address a numerical problem for
implementing the CBTS estimationmethod. They argue that the estima-
tion problem given in Eq. (9) can only be solved if

λτx
0
iβ̂τ λ̂τÞ þ 1N0

�
ð10Þ

for all i= 1, 2,…,n and for all λτ ∈ ℝ. Fitzenberger et al. (2010) suggest
to solve this problem by incorporating an indicator function in the sec-
ond step of the estimation. The indicator function takes a constant value
whenever the condition in Eq. (10) fails to satisfy. This modification
guarantees that the objective function is a well defined sum from 1
to n. Fitzenberger et al. (2010) show that the modified estimator has
similar asymptotic properties to the original CBTS estimator.

2.3. Test for Box–Cox conditional distribution model

In this subsection, I test the correct specification of the conditional
distribution model using the Generalized Conditional Cramer-von
Mises (GCCM) test proposed by Rothe and Wied (2013). Let F be the
class of all conditional distribution functions on the support of Y given
X that satisfy all the regularity conditions shown by Rothe and Wied
(2013). We consider a parametric family

F 0 ¼ F−1 τ xj Þ ¼ g x0βτ ;λτ
� �

for some θ∈B τ;Θð Þ� �
∈F ∀τ∈ 0;1ð Þ

n
The hypothesis that Rothe andWied (2013) propose to test is that F

coincides with an element of F 0.

H0 : F yjxð Þ ¼ F yjx; θ0ð Þ for all y; xð Þ∈ℝkþ1

H1 : F yjxð Þ≠F yjx; θ0ð Þ for some y; xð Þ∈ℝkþ1

The test statistics Tn and the bootstrap α critical values ĉn αð Þ have
been computed by following the procedure shown by Rothe and Wied
(2013) where ĉn αð Þ is the smallest constant that satisfies

Pb Tb;n≤ ĉn αð ÞÞ≥1−α;
�

and Pb is the probability with respect to bootstrap sampling and Tb,n
is the bootstrap test statistics. Rothe and Wied (2013) test rejects H0 if
TnN ĉn αð Þ for some pre-specified significance level α ∈ (0,1).

2.4. Counterfactual wage distribution function

I use CBTS estimators to construct the counterfactual wage distribu-
tion. The steps are as follows:

1. Draw random sample of sizem from τ ∈ (0,1) : τ1, …, τm.
2. For each τ∈ (0,1), using the CBTS estimators, estimate the following

conditional quantile function

Q̂g;τ ¼ g x0β̂τ ; λ̂τ

� �
¼ λ̂τx

0
t β̂τ þ 1

� �1=λ̂τ

3. Use the estimated result to draw a random sample from {wt = 1
i }i = 1

m ,
{wt = 0

i }i = 1
m and {wt = 1

c,i }i = 1
m where

wi
t

n om

i¼1
¼ F−1

wt jxt τi; xtð Þ ¼ g xit
� �0

β̂τ ; λ̂τ

� �
; t ¼ 0;1

wc;i
t¼1

n om

i¼1
¼ F−1

wt¼1 jxt¼1
Fwt¼0 jxt¼0

wt¼0; xt¼0ð Þ; xt¼0

� �
:

Here wt = 1
c,i denotes the ith draw from the counterfactual wage dis-

tribution function. F−1
wt jxt τi; xtð Þ are the τith conditional quantile
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functions for the periods t = 0,1. F−1
wt¼1jxt¼1

�ð Þ is the τith counterfactual
conditional quantile function.

The counterfactual wage distribution function consists of two parts.
The first operator F−1

wt¼1 jxt¼1
ensures that the market return of the covar-

iates remains fixed at period t = 1 whereas the second part
Fwt¼0 jxt¼0

wt¼0; xt¼0ð Þ; xt¼0
� �

implies that the distribution of covariates re-
mains constant at period t = 0.

2.5. Decomposition of changes in wage distribution

The main objective of constructing a counterfactual wage distribution
function is to use it to decompose differences in distributions. I use the ex-
tended Oaxaca (1973) decomposition method like DiNardo et al. (1996),
Machada and Mata (2005), and Firpo et al. (2007, 2011) to decompose
the differences in the distribution of wages in the years 1990 and 2000.

The main analysis of changes in the distribution functions of wage
between the period t = 0 (year 1990) to period t = 1 (year 2000) is
as follows:

F wt¼1ð Þ−F wt¼0ð Þ ¼ F wt¼1ð Þ−F wt¼1; xt¼0ð Þ½ �|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
Composition effect

þ F wt¼1; xt¼0ð Þ−F wt¼0ð Þ½ �|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
Wage structure effect

þ Residual

The first bracket represents the effect of changes in the distribution
of covariates which is denoted as the composition effect. The second
bracket represents the effect of changes in the market returns of the
human capital variables which we call the wage structure effect, and
the rest is called the residual effect. The advantage of this decomposition
is that we can decompose all the standard summary measures such as
Gini coefficients, Theil coefficients, skewness, etc., sincewe can estimate
the whole counterfactual distribution function.

Similarly, we can also measure the impact of individual covariatesextÞð by considering the following equation

Impact of ext ≡ F wt¼1ð Þ−F wt¼1; x
0
t¼1; xt¼0

� �
;

where xt ¼ ext x0t

 ��
and xt′ are all the other covariates exceptext. The coun-

terfactual distribution function F(wt = 1; xt = 1
′ , xt = 0) can be recovered

from F(wt = 1; xt = 0) by assuming that ext ∈ xt follows independent
distribution.

The independence assumption allows us to write the joint distribu-
tion of the covariates as the product of themarginal distributions. The as-
sumptionmay not hold in different scenarios. However, we can relax this
assumption and estimate F(wt = 1; xt = 1

′ , xt = 0) by using either the fully
non-parametric or the spline method. The tradeoff is a relatively small
marginal efficiency gain at the cost of computational complexity.

This decomposition is quite attractive since the measurement of the
impact does not depend on the ordering, unlike the DiNardo et al.
(1996) method. Autor et al. (2005) show that this decomposition pro-
vides a precise link between the ‘full variance accounting’ technique
for analyzing inequality introduced by Juhn et al. (1993) and the kernel
reweighting proposed by DiNardo et al. (1996). However, Rothe
(2012b) points out that most of the previous decomposition methods,
including Machada and Mata (2005), are not additive in the sense that
the sumof the effects of all individual covariates is not equal to the effect
of changing all covariates.

The preciseness of the estimated impact of human capital variables
of the proposed method depends on the total number of quantiles at
which we estimate the conditional quantile function. In this paper, I
take 3000 quantiles between 0 and 1 to construct the unconditional
wage distribution function. Theoretically, themore quantiles the better,
but one of the drawbacks of the proposed decompositionmethod is that
it is computational intensive and the computational time is greater
compared to the simulation method introduced by Machada and Mata
(2005).

2.6. Asymptotic properties of the decomposition method

I show the following two asymptotic properties of the proposed
decomposition method. The proofs of the properties are shown in the
appendix.

(i) Completemappings Assume that the conditional cumulative distri-
bution function of wt given xt, Fwt jxt wt jxtð Þ, is monotonically
increasing over the domain of wt∈Wt and Wt is closed and
bounded in Rk for t= 0 and 1, where k is the row dimension
of Wt . Then we have

F wtð Þ≡ F−1
wt jxt τið Þ

n om

i
as m→∞;

where m is the number of draws.
(ii) Convergence in distribution Let θ̂c be the quantile estimator that

minimizes the counterfactual conditional quantile func-
tion of w given x, gc(θc). We define a random variable
Y = g(xt = 0

′ βτ
t = 1, λτ

t = 0) and assume that the distribution
function of Y, F(xt = 0

′ βτ
t = 1, λt = 0) exists. Let Ŷn ¼ gn

x0t¼0β̂
t¼1
τ ; λ̂t¼0

τ

� �
have a distribution function Fn(·) for

each n. Then, under the regularity conditions as shown
by Powell (1991), we obtain

Fn Ŷn

� �
d→F Yð Þas n→∞:

3. Data and results

The data are drawn 1% self weighted 1990 and 2000 samples from
the American Community Survey. The data consists of U.S.-born black
and white men aged 40–49 with at least 5 years of education, positive
annual earnings and hours worked in the year preceding the census,
and a nonzero sampling weight. The wage measure used is a weekly
wage measure computed by dividing the annual earnings by the num-
ber of weeks worked in the previous year. I have restricted my sample
sizes to 30,000 for both the years 1990 and 2000 to reduce the compu-
tational time for the simulation method used in the empirical analysis.
The regressors consist of years of schooling and other basic controls.1

Potential experience for men has been calculated by subtracting 6 and
number of schooling years from the age variable.

Table 1 shows between group changes in wages and labor force
composition in the samples 1990–2000 for groups defined by educa-
tion, potential experience and race. The third column indicates that
there are about 1 to 2%more high school, some college and college grad-
uates and 2 to 3% less high school dropout and post college graduate
workers in the year 2000 compared to 1990. These differences imply
that although the average education level remains almost the same
over the period 1990 to 2000, the relative fraction of the low skilled
workers has decreased. The sixth column indicates that the average ra-
cial wage gap has fallen to approximately 2% in our samples.

In Table 2, I report the empirical rejection probabilities from n repli-
cations of the simulation process discussed by Rothe and Wied (2013),
where the values of n are 50, 100, and 200. We see that for the year
2000, the linear quantile regression model leads to an adequate fit of
the conditional male wage distribution data because we reject the null
hypothesis of linear specification. We also note that the linear quantile
regression model rejection rates are always higher than the Box–Cox
quantile regression models at both 10% and 5% critical levels. This im-
plies that the linear quantile regression model specification used in

1 In the regressors, I have excluded various determinants of earnings such as tenure and
occupation dummies because these variables are potentially endogenous and determined
by education itself (Angrist and Pischke (2009)). Annual income is expressed in 1989 dol-
lars using the Personal Consumption Expenditures Price Index.
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the empirical analysis is not the best model specification for our sample
data.

Rothe andWied (2013) point out that rejection of the null hypothesis
does not directly imply that such specifications result in misleading con-
clusions. However, for large samples Rothe and Wied (2013) argue that
the Generalized Conditional Cramer-von Mises (GCCM) test is able to
pick up deviations from the null hypothesis even if they are not econom-
ically significant in magnitude. Thus, by using the Box–Cox Quantile Re-
gression model we can obtain more precise results at those quantiles of
the wage distribution function for which the linearity assumption in pa-
rameters is a poor approximation of the conditional quantile function.
Moreover, the linear and log-linear Quantile Regression models are spe-
cial cases of the Box–Cox Quantile Regression model.

3.1. Overall changes in wage distribution

The top part of Fig. 1 shows how the probability density function
changes from 1990 to 2000 and the bottom panel shows the same for
the U.S. wage distribution function. We see that the area under the
wage density curve of the upper-tail in 2000 is greater in comparison
to 1990. This difference implies that the employment opportunities for
the high-skill workers have gone up compared to the moderately and
low-skill workers during the 1990s in the U.S. labor market. The result
is in line with the Autor et al. (1998) findings on relative demand
growth for the high-skill workers during the 1990s.2

The bottom part of Fig. 1 represents the fraction of workers' wage
less than a given wage. By comparing the cumulative distribution func-
tions of both the years, we see that employment shares of the very low
and high-skill workers increased while employment shares for the
moderately skilled workers contracted during the 1990s. Firpo et al.
(2011) argue that the recent changes in task-based occupational struc-
ture play a very important role to explain this phenomenon. Acemoglu
and Autor (2010) propose a task-based framework for analyzing the al-
location of skills to task for studying the effect of new technologies on
the labor market and their impact on the distribution of earnings.

Table 3 shows the changes in the estimated unconditional wage dis-
tribution by using both the quantile regression and the Box–Cox
quantile regression simulation methods. In the seventh row, the term
‘Scale’ refers to the percentage change in the wage gap between the
75th quantile and 25th quantile. The random samples from the wage
distribution functions have been generated through the steps described
in Section 2, with the number of replications equal to 3000. The num-
bers in the parentheses indicate the 95% bootstrap confidence interval
which has been generated by 1000 replications.

By comparing the third and sixth columns of Table 3, we note that
the linear quantile regression and the Box–Cox quantile regression
models give us statistically different results in the upper-tail of the
malewage distribution. The proposed decompositionmethod estimates
the changes in wages as 9 to 23% in the upper-tail of the U.S. wage
distribution function while the Machada andMata (2005) method esti-
mates are 1 to 7%. However, both Machada and Mata (2005) decompo-
sitionmethod and the proposed approach show that there aremarginal
changes in wages in the lower-tail. This difference at the upper-tail is
because the linearity assumption in the parameters of the conditional
quantile function is unable to capture the precise changes in the
upper-tail of a very skewed wage distribution function.

Our results on U.S. wage inequality are qualitatively similar to Autor
et al. (2008), Goos andManning (2003) and Autor et al. (2003). This pat-
tern of changes in the U.S. wage distribution in the 1990s differs sharply
compared to the 1980s, with more rapid growth of real wages at the top
of the wage distribution relative to the middle and the bottom of the
wage distribution. Goos and Manning (2003) and Autor et al. (2005)
characterize this pattern as the polarization of the U.S. labor market.
This pattern suggests a central role for labor demand shifts in explaining
changes in the U.S. wage distribution function during the 1990s.

3.2. Decomposition method results

In Table 4, thewage distribution function has been decomposed into
three parts, namely composition effect, wage structure effect and resid-
ual effect. Row by row, I report the estimates of these three effects for
different quantiles and various inequality measures. The proposed de-
composition method results show that the wage structure effects are
roughly 1.5 to 2 times larger than the composition effects. These results
suggest that during the 1990s, the primary source of changes in the
wage distribution is the wage structure effect. The composition effect
plays a very minor role.

The residual effect is defined as the unexplained part of the change
in the wage distribution as shown in Table 3. By comparing the third
and sixth columns of Table 4, we note that the residuals from the pro-
posed method are smaller than those from the Machada and Mata
(2005)method for all parts of the distribution except the region around
the median. The results in Table 4 are consistent with the properties of
the quantile regression estimators. The linear quantile regression pro-
vides the best estimators when the conditional quantile function is lin-
ear. Angrist et al. (2006) show that quantile regression gives the
minimum mean-squared error linear approximation to the conditional
quantile function even when the linear model is misspecified.
Buchinsky (1995) gets similar results like ours by using Minimum Dis-
tance (MD) estimators for the Box–Cox quantile regression model.

The results of Tables 3 and 4 have been summarized in Fig. 2. The top
left panel of Fig. 2 shows that the gaps between the estimated changes
inwages for the linear and nonlinear quantile regression approaches in-
crease in the higher quantiles of the wage distribution function. The re-
sidual effects have been shown in the bottom right panel. As shown, the
absolute values of the residuals of the nonlinear quantile regression ap-
proach are significantly in the two tails of the wage distribution

2 Card and DiNardo (2002), Autor et al. (2003) emphasize more on the role of Skill Bi-
ased Technological Changes (SBTC) in the US wage structure.

Table 1
Descriptive statistics (percentage and average wage) for the period 1990–2000 by
education, experience and race.

Percentage Mean wage

2000 1990 Changes 2010 2000 Changes

Education
HS dropout 6.243 9.253 −3.010 6.055 6.025 0.030
HS grad 24.820 23.643 1.177 6.265 6.272 −0.007
Some college 34.420 32.403 2.017 6.464 6.437 0.026
College grad 20.177 18.623 1.553 6.860 6.715 0.090
Post college grad 14.340 16.077 −1.737 7.011 6.869 0.141

Experience
Exp 0–10 years 14.290 19.350 −5.060 6.919 6.737 0.181
Exp 11–20 years 82.537 75.243 7.293 6.484 6.439 0.045
Exp 20–35 years 3.173 5.407 −2.233 6.179 6.157 0.022

Race
White 92.177 92.123 0.053 6.562 6.509 0.053
Black 7.823 7.877 −0.053 6.234 6.161 0.073

Table 2
Conditional distribution model specification test for year 2000⁎.

GCCM-QR GCCM-BCQR

No of replications 10% 5% 10% 5%

n = 50 0.303 0.157 0.080 0.067
n = 100 0.214 0.147 0.067 0.037
n = 200 0.113 0.085 0.045 0.017

⁎ By using the Generalized Conditional Cramer-von Mises (GCCM) test proposed by
Rothe andWied (2013), we test two functional forms of the conditional quantile function
for the 5 and 10% critical values. The numbers in the table represent the rejection proba-
bilities from n replications of the simulation process proposed by Rothe andWied (2013).
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compared to the residuals from the linear quantile regression approach
introduced by Machada and Mata (2005).

This can be explained by using the other three subplots of Fig. 2. The
top right and bottom left panels show that the composition effects are
similar in bothmethods but the absolute values of wage structure effects
from the linear quantile regression approach are higher compared to the
proposed Box–Cox quantile regressionmethod at the two tails. Since the
linear quantile regression method underestimates the changes in wages
in the upper-tail andmarginally overestimates in the lower tail of the dis-
tribution, the absolute values of the residuals are higher at the two tails of
the distribution compared to the proposedwage decompositionmethod.

The next part of the decomposition measures the impact of individ-
ual workers' characteristics such as education, experience and race. This
extended Oaxaca decomposition method takes care of the unobserved
heterogeneity in returns to education (Henderson et al. 2011) by

assuming the distribution of unobserved skills remains the same over
the two time period we consider. Thus by using this type of decomposi-
tionmethod, we can only compare similar types of workers in two time
periods. Alternatively one can use the Instrumental Variable Quantile
Regression (IVQR) approach proposed by Chernozhukov and Hansen
(2006, 2008, 2013b) to address the unobserved heterogeneity issue. Al-
though the IVQR method has been applied in many research fields, it is
rather new to the human capital variables literature.3

The second column of Table 5 shows that had the distribution of ed-
ucation remain the same as in 1990, then the 90/50 percentile wage gap
would have increased by 4.2%. The inequality increasing effect of educa-
tion is directly driven by the increase of the estimated effects for

3 Wang (2013) and Arabsheibani and Staneva (2012) used IVQR method to find out
heterogeneous returns to education.

Fig. 1. Male weekly log wage density and distribution function for the years 1990 and 2000.

Table 3
Estimated changes in the U.S. male unconditional wage distribution over the period 1990–2000 by using the quantile regression and Box–Cox quantile regression⁎.

Linear QR Box–Cox QR

Index 2000 1990 Changes 2000 1990 Changes

10th quant 5.663 5.669 −0.005 5.859 5.873 −0.014
(5.660, 5.665) (5.666, 5.671) (5.857, 5.861) (5.872, 5.875)

25th quant 6.074 6.116 −0.042 6.164 6.183 −0.018
(6.072, 6.076) (6.114, 6.118) (6.163, 6.165) (6.181, 6.184)

50th quant 6.467 6.495 −0.027 6.574 6.539 0.034
(6.465, 6.468) (6.493, 6.496) (6.573, 6.575) (6.538, 6.540)

75th quant 6.843 6.830 0.013 6.940 6.844 0.095
(6.842, 6.845) (6.828, 6.831) (6.938, 6.942) (6.843, 6.845)

90th quant 7.291 7.213 0.077 7.378 7.146 0.232
(7.288, 7.294) (7.210, 1.215) (7.376, 7.381) (7.144, 7.148)

Skewness −1.883 −1.099 −0.783 0.575 0.231 0.344
(−1.904, −1.862) (−1.35, 1.064) (0.570, 0.581) (0.226, 0.236)

Scale 0.115 0.107 0.008 0.115 0.103 0.012
(0.115, 0.116) (0.106, 0.107) (0.115, 0.116) (0.102, 0.104)

Gini coeff 0.081 0.066 0.015 0.052 0.045 0.006
(0.081, 0.082) (0.066, 0.067) (0.052, 0.053) (0.045, 0.046)

⁎ The numbers in the table represent the estimated weekly log wages, therefore their differences indicate the percentage changes in wages. The numbers in the parenthesis show the
95% bootstrap confidence interval which has been generated by 1000 replications. To construct the unconditional wage distribution functions, I have used 3000 quantiles between 0 and 1
from uniform distribution.
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education in the upper tail of the wage distribution. The impact of race
does not have much contribution to the changes in wage distribution
function. The fifth column shows that the residuals contribute approxi-
mately 8 to 13% of the total changes in the U.S. wage distribution during
the 1990s.Melly (2005) and Lemieux (2006) bothfind that residual fac-
tors account for about 20% of the increase in wage inequality during the
period 1973 to 1989.

3.3. Discussion

It is important to see how the results of our proposed decomposition
method compare with the conventional wisdom of the existing wage
inequality literature. Our results suggest that the dominating factor of
the recent changes in the U.S. wage inequality is the wage structure ef-
fect. Machada andMata (2005), Autor et al. (2005, 2008) and Firpo et al.

Fig. 2. Decomposition results by linear and non-linear quantile regression methods.

Table 4
Decomposition of wage distribution function for the period 1990–2000 by using the quantile regression and Box–Cox Quantile regression⁎.

Linear QR Box–Cox QR

Index Composition Wage structure Residual Composition Wage structure Residual

10th quant −0.099 −0.224 −0.341 −0.088 −0.135 0.208
(−0.100,−0.098) (−0.224,−0.225) (−0.088, −0.089) (−0.135, −0.134)

25th quant −0.047 −0.100 0.141 −0.041 −0.067 0.090
(−0.047,−0.048) (−0.101,−0.100) (−0.041, −0.040) (−0.067, −0.066)

50th quant −0.000 −0.002 0.001 0.001 0.003 0.0294
(−0.001,−0.000) (−0.002,−0.001) (0.001, 0.002) (0.003, 0.004)

75th quant 0.40 0.089 0.128 0.039 0.070 −0.016
(0.040, 0.041) (0.089, 0.090) (0.039, 0.040) (0.070, 0.071)

90th quant 0.076 0.181 −0.247 0.079 0.134 0.016
(0.076, 0.077) (0.181, 0.182) (0.079, 0.080) (0.134, 0.135)

Skewness 0.129 −0.129 0.259 0.105 0.033 0.072
(0.125. 0.133) (−0.134,−0.125) (0.101, 0.110) (0.028, 0.038)

Scale −1.886 −0.575 −1.311 0.486 0.253 0.232
(−1.893,−1.878) (−0.576,−0.573) (0.485, 0.487) (0.253, 0.254)

Gini coeff 0.388 0.247 0.140 0.267 0.123 0.143
(0.387, 0.389) (0.247, 0.248) (0.266, 0.268) (0.123, 0.124)

⁎ Composition effect measures the impact due to the changes in labor force composition and the wage structure effect measures themarket returns of the workers' characteristics. The
unexplained part is called the residual effect.

Table 5
Impacts of human capital variables to changes in themalewage distribution function over
the period 1990–2000⁎.

Index Education Experience Race Residual

10th
quant

−0.048 −0.073 −0.027 −0.134
(−0.049,−0.047) (−0.073, −0.072) (−0.028, −0.027)

25th
quant

−0.030 −0.047 −0.022 −0.081
(−0.030,−0.029) (−0.048, −0.047) (−0.022, −0.021)

50th
quant

−0.000 −0.007 −0.010 0.016
(−0.001, 0.000) (−0.008, −0.007) (−0.011, −0.010)

75th
quant

0.019 0.017 −0.009 0.067
(0.019, 0.020) (0.17, 0.018) (−0.010, −0.009)

90th
quant

0.042 0.054 0.002 0.133
(0.041, 0.043) (0.054, 0.055 (0.002, 0.003)

⁎ Impacts of human capital variables are estimated by: F(wt = 1) − F(wt = 1; xt = 1
′ , xt = 0)

for ext where xt′ represents the set of all the other variables except ext .
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(2011) apply different decompositionmethods to different data sets but
obtain similar results. Another finding of this paper is that had the dis-
tribution of labor force remained the same as in 1990, the 90/50 wage
gap would have increased roughly by 16% 4 and our estimated effects
of returns to education can explain only one fourth of this change.
Buchinsky (1994) shows that the differences of returns to education
have increased from 0.73 to 2.32% over the period 1978 to 1987. Katz
and Murphy (1992) find that college wage premium compared to the
high school graduate has increased approximately 2.6% per annum dur-
ing the period 1963–1987.

For a direct comparisonwith the results of Autor et al. (2008), I have
used the samedata to explain the trends inU.S.wage inequality over the
period 1963–2005.5 Table 6 represents regressionmodels for the overall
college high school wage gaps following the specifications proposed by
Autor et al. (2008). In addition, I add quantile regression estimates for
the 10th, 50th and 90th quantiles.6 Models 3 and 4 consider linear
time trends alongwith the college high school relative supply, realmin-
imumwage andmale prime-age unemployment ratewhereasmodels 1
and 2 allow more flexible time trends by incorporating quadratic and
cubic functions. By comparing thefirst and third columns of the four dif-
ferent specifications, we note that OLS estimates are very similar to the
median regression.

The quantile regression estimates from the four specifications sug-
gest that the range of the college wage premium estimates is 1.5 to
3.3% per annum from the lower-tail to the upper-tail of the wage distri-
bution. The OLS estimates of the relative supply measures are signifi-
cantly different from the quantile regression estimates at the two tails
of the wage distribution. The Quantile Regression estimated elasticity
of substitution between high school and college graduate workers
varies over the range 1.07(1/0.93) to −1.82(1/−0.54) from the
lower-tail to upper-tail of the wage distribution. This estimated elastic-
ity of substitution between high school and college graduate workers

cannot explain the changes in the upper-tail wage inequality and this
is consistent with Autor et al. (2008) since they also argue that the
two-factor CES model fails to provide an adequate explanation of the
evolution between wage inequality since the early 1990s.

Table 7 shows the regression and quantile regression models for the
college high school wage gaps by overall and four different experience
groups. The inverse of the aggregate supply coefficient represents the ag-
gregate elasticity of substitution; similarly, the inverse of the coefficients
for thefirst row shows the partial elasticity of substitution betweendiffer-
ent experience groups within the same education group. Consistent with
Autor et al. (2008), the quantile regression estimates also suggest that
there are substantial effects of both own group and aggregate supplies
on the evaluation of the college wage premium by experience groups.

Autor et al. (2008) find that aggregate elasticity of substitution in
Table 7 models are very similar to the aggregate models in Table 6
which is also true in the upper-tail of the wage distribution, shown in
the 4th and 8th column. However, in the lower tail, the values of the ag-
gregate elasticity of substitution are significantly different in Table 6 and
Table 7. This implies that the return to college for the low-experienced
workers is different compared to the medium-experienced (20–
29 years) and olderworkers (30–39 years). The partial elasticity of sub-
stitution between experience groups is very consistent across the wage
distribution and similar to the OLS estimate of 3.55 as shown by Autor
et al. (2008). The lower panel shows that theOLS andmedian regression
estimates are very similar for the four experience groups.

Table 8 summarizes the overall and residual inequality over the pe-
riod 1963–2005 by using the proposed counterfactualwage decomposi-
tion method. For the counterfactual analysis, Autor et al. (2008) use a
model which consists of 95 dummy variables: full set of age dummies,
dummies for nine discrete schooling categories, and a full set of interac-
tions among the schooling dummies and a quartic in age and no contin-
uous variable. I do not use the same covariates as used by Autor et al.
(2008) to avoid the computational complexity of the interior point algo-
rithms for quantile regression as discussed by Koenker (2005)7; rather I
follow the same specification used in the main empirical analysis for4 The difference between the fifth and third rows of wage structure effect at Table 4.

5 See Table 1 in Autor et al. (2008) for descriptive statistics and appendix for data prep-
aration details.

6 I do not include nonlinear quantile regression estimates because the nonlinear
quantile regression estimates from the statistical software ‘R’ are infeasible for 43
observations.

Table 6
(Extension of Autor et al. (2008) Table 2) — Regression and quantile regression models for the college high school log wage gap, 1963–2005.

OLS 10th Q 50th Q 90th Q OLS 10th Q 50th Q 90th Q

(1) (2)
CLG/HS relative supply −0.609 −0.931 −0.590 0.549 −0.728 −0.459 −0.689 −0.707

(0.102) (0.068) (0.107) (0.010) (0.155) (0.061) (0.206) (0.062)
Log real minimumwage −0.049 −0.150 −0.011 −0.017

(0.051) (0.010) (0.060) (0.016)
Male prime-age unemp rate 0.04 −0.007 0.003 0.004

(0.004) (0.001) (0.005) (0.002)
Time 0.021 0.033 0.023 0.016 0.028 0.015 0.0282 0.022

(0.006) (0.002) (0.006) (0.006) (0.007) (0.002) (0.010) (0.003)
Time2/100 0.030 0.0267 0.018 0.043 0.017 0.023 0.010 0.038

(0.015) (0.010) (0.016) (0.015) (0.017) (0.006) (0.021) (0.008)
Time3/1000 −0.006 −0.007 −0.005 −0.008 −0.005 −0.004 −0.004 −0.007

(0.002) (−0.433) (0.002) (0.001) (0.002) (0.001) (0.002) (0.001)
Observations 43 43 43 43 43 43 43 43
R-squared/Pseudo R-squared 0.952 0.702 0.813 0.838 0.955 0.734 0.814 0.850

(3) (4)
CLG/HS relative supply −0.403 −0.319 −0.399 −0.600

(0.067) (0.015) (0.105) (0.045)
Log real minimumwage −0.117 −0.234 −0.065 −0.089 −0.144 −0.173 −0.004 0.0121

(0.047) (0.018) (0.070) (0.35) (0.065) (0.064) (0.097) (0.028)
Male prime-age unemp rate −0.001 −0.006 −0.001 0.04 −0.018 −0.10 −0.018 −0.008

(0.04) (0.001) (0.005) (0.002) (0.003) (0.001) (0.004) (0.001)
Time 0.017 0.014 0.017 0.023 0.006 0.008 −0.006 0.006

(0.002) (0.001) (0.002) (0.001) (0.001) (0.003) (0.001) (0.001)
Observations 43 43 43 43 43 43 43 43
R-squared/Pseudo R-squared 0.944 0.725 0.788 0.838 0.891 0.543 0.712 0.745

7 See Roger Koenker (2005) ‘Quantile Regression’ for a detailed discussion. Standard
statistical softwares fail to provide quantile regression estimates for the models which
have too many dummy variables.
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consistency. To construct the counterfactual wage distribution function
by using the simulation method as described in Section 2, I use 5000
replications. The numbers in Table 4 represent the effects of labor mar-
ket prices on the overall earnings inequality while holding labor force
composition at the base years 1973, 1989 and 2005.

For comparison with Autor et al. (2008), we begin by discussing the
overall wage inequality. The upper panel of Table 4 shows that themale
90/50 percentile wage gap (upper-tail wage inequality) rose during
both halves of the sample by 10.3% from 1973 to 1989 and 15.4% from
1989 to 2005. We note that the price effects can explain almost all
changes in the upper-tail wage inequality. For females, the 90/50 per-
centile wage gap rose by 11% between 1973 and 1989 and 12.9% be-
tween 1989 and 2005. Again holding labor force composition constant
at its 1973, 1989 and 2005 levels gives us results similar to the men.
The middle and bottom panels of Table 8 show the price effects for
50/10 and 90/10 percentile wage gaps for both men and women.
These results suggest that the basic message, price effect dominates
the composition effect, does not change for both men and women
over the period 1973–2005.

Autor et al. (2008) conclude that “Changes in labor force composi-
tion do not substantially contribute to an explanation for the diverging
path of upper and lower-tail inequality, either overall or residual, over
the past three decades”. As shown in Table 8, our findings are qualita-
tively similar with the conclusions of Autor et al. (2008) although we
use a simpler model specification and a different counterfactual decom-
position method to obtain the price effects and composition effects. For
residual inequality, I find that for the period 1989–2005, in most of the
cases price effects are the dominating factors for changing in residual
wage inequality which is consistent with Autor et al. (2008). However
for the period 1973–1989, I find that although price effect plays a signif-
icant role to changes in residual wage inequality, it is not the dominat-
ing factor as suggested by Autor et al. (2008).

To conclude, Autor et al. (2008) use a structural model and college
wage premium compared to high school graduate as a measure of
returns to education whereas this paper uses a canonical Mincer earn-
ings equation and constructs a counterfactual wage distribution func-
tion to estimate the returns from human capital variables. However,
the results from the main empirical application and comparison with
Autor et al. (2008) demonstrate that although the relative magnitudes
of the price effects from the proposed method are higher in some
cases, especially for the wage gap between the two tails of the distribu-
tion, these results are qualitatively similar. Our results find even stron-
ger price effects for the overall wage inequality compared to Autor
et al. (2008) especially for the 90/10 percentile wage gap; however,
the main conclusion remains the same. Autor et al. (2008) point out
that their counterfactual analysis depends on the partial equilibrium as-
sumption that prices and quantities are independent which is precisely
to the opposite spirit of the supply–demand analysis; the proposed
method does not require such a strong economically unappealing
assumption.

4. Conclusion

This paper proposes a modified wage decomposition method based
on a very popular approach proposed by Machada and Mata (2005).
First, I show that the linearity assumption of the conditional quantile
function does not hold for the U.S. male wage distribution data at the
year 2000 by using the Generalized Conditional Cramer-von Mises
(GCCM) test proposed by Rothe andWied (2013). To overcome this lin-
earity issue, I use the Chamberlain Buchinsky Two Step Box–Cox
quantile regression method. The advantage of this method over the
linear quantile regression method is that the shape parameter of the
Box–Cox transformation adjusts with each quantile of the wage

Table 7
(Extension of Autor et al. (2008) Table 3) — Regression and quantile regression models for the college high school log wage gap by potential experience group 1963–2005, males and
females pooled.

All experience groups

OLS 10th Q 50th Q 90th Q OLS 10th Q 50th Q 90th Q

Own supply minus agg supply −0.282 −0.238 −0.296 −0.284 −0.281 −0.212 −0.321 −0.341
(0.027) (0.054) (0.046) (0.036) (0.026) (0.038) (0.039) (0.050)

Aggregate supply −0.600 −0.738 −0.561 −0.507 −0.705 −1.012 −0.732 −0.521
(0.087) (0.149) (0.150) (0.144) (0.130) (0.193) (0.190) 0.209

Log real minimumwage −0.074 −0.126 −0.071 −0.119
(0.037) (0.067) (0.055) (0.058)

Male prime-age unemp rate 0.004 0.009 0.004 −0.001
(0.003) (0.004) (0.005) (0.006)

Time 0.027 0.034 0.024 0.023 0.031 0.004 0.030 0.023
(0.004) (0.008) (0.007) (0.006) (0.006) (0.009) (0.009) (0.009)

Time2/1000 −0.009 −0.017 −0.005 −0.005 −0.012 −0.026 −0.010 −0.007
(0.005) −0.433) (0.008) (0.007) (0.006) (0.010) (0.008) (0.008)

Observations 172 172 172 172 172 172 172 172
R-squared/Pseudo R-squared 0.863 0.576 0.641 0.682 0.868 0.594 0.647 0.687

Potential experience groups 0–9 years 10–19 years 20–29 years 30–39 years

OLS Median OLS Median OLS Median OLS Median

Own supply minus agg supply −0.169 −0.173 −0.325 −0.344 0.101 0.052 0.002 0.038
(0.130) (0.101) (0.084) (0.201) (0.084) (0.176) (0.119) (0.168)

Aggregate supply −0.854 −0.955 −0.474 −0.349 −0.398 −0.382 −0.544 −0.596
(0.262) (0.207) (0.182) (0.429) (0.224) (0.448) (0.190) 0.292

Log real minimumwage −0.340 −0.655 −0.145 −0.130 0.098 0.125 0.028 0.043
(0.076) (0.062) (0.49) (0.119) (.54) (0.111) (0.067) (0.087)

Male prime-age unemp rate 0.005 0.011 0.002 −0.001 0.003 0.004 000 0.06
(0.007) (0.005) (0.004) (0.010) (0.005) (0.009) (0.006) (0.008)

Time 0.040 0.040 0.015 0.010 0.016 0.013 0.028 0.026
(0.012) (0.009) (0.009) (0.020) (0.011) (0.021) (0.011) (0.013)

Time2/1000 −0.025 −0.021 0.010 0.012 0.000 −0.026 −0.021 −0.016
(0.012) (−0.008) (0.009) (0.020) (0.010) (0.020) (0.012) (0.015)

Observations 43 43 43 43 43 43 43 43
R-squared/Pseudo R-squared 0.926 0.787 0.969 0.839 0.868 0.666 0.647 0.687

66 P.K. Ghosh / Labour Economics 28 (2014) 58–69



distribution to capture the nonlinear shape of the conditional quantile
function.

This paper also shows that the estimated counterfactual distribution
function by using the Box–Cox quantile regressionmethod converges to
the true distribution function asymptotically. This asymptotic property
ensures the validity of the inferences based on the decompositionmeth-
od results. By using the re-sampling procedure, I also show that theoret-
ically we can fully recover the unconditional wage distribution function.
This implies that we need a large number of draws to construct a coun-
terfactual wage distribution function. I have used 3000 draws for the
empirical analysis and 5000 draws for the comparison results with
Autor et al. (2008).

This paper also implements the proposed decomposition method to
determine the impact of human capital variables that contribute to
changes in the male wage distribution function over the period 1990–
2000. The proposed decomposition method results show that changes
in the labor force composition do not contribute an explanation for
the steep rise in wages at the upper-tail of the U.S. wage distribution
during the 1990s. This result is consistent with Autor et al. (2008)
who used a variant of DiNardo et al. (1996) wage decomposition meth-
od for the period 1963–2005. In addition, this paper also shows that
returns from education can explain only a small fraction of the total
changes in wages in the upper tail of the wage distribution and do not
explain why the lower tail wage inequality fell during the 1990s. Thus,
return from schooling is not the primary source of recent divergence
of upper-tail and lower-tail wage inequality in the U.S. labor market.

The sources of the asymmetric changes in the U.S. wage distribution
with a steady rise in the upper-tail and a marginal fall in the lower-tail

during the 1990s still remain unresolved. Autor et al. (2008) show that
hypotheses such as falling minimum wages, relative demand growth
for more skilled workers and skill biased technological change fail to
fully explain the upper-tail inequality pairedwith declining lower-tail in-
equality. Firpo et al. (2011) use unconditional quantile regression meth-
od to explain the changes in the U.S. wage structure over the last three
decades by looking at the roles of skilled biased technological changes
and job offshorability. Katz and Murphy (1992) and Autor et al. (2008)
propose an explanation based on relative demand growth for high-skill
workers and fluctuations in relative skill supplies based on canonical
supply demand models. However, this argument is unable to explain
the slowdown in relative demand growth during the early 1990s.

There is no unique explanation for the complex pattern of changes in
the U.S. wage distribution function during the 1990s. Having argued that
labor market institutional factors, skill biased technological change, rela-
tive demand for skilled labor, effects of international trade and their dy-
namic interactions play very important roles in explaining changes to
the wage distribution function; this paper provides an explanation of
these asymmetric changes in the U.S. wage distribution function by con-
sidering the role of human capital variables in the canonical Mincer earn-
ings framework and finds that changes in the composition of the labor
force play a secondary role, whereas the primary source of the asymmet-
ric changes in the U.S. wage distribution during the 1990s is the changing
labor market prices. This paper also shows that the steep increase of the
upper-tail wage inequality in the U.S. labor market during the 1990s is
not caused primarily by the heterogeneous returns from education.

Appendix A

Proof of property 1: Complete mappings

By assumption, Fwt jxt :ð Þ is monotonically increasing over the domain
of xt so the inverse F−1

wt jxt τð Þexists and iswell defined. Since τ∈ (0,1), by
applying the probability integral transformation theorem we set

τ ¼ Fwt jxt wtð Þ
⇒F−1

wt jxt τð Þ ¼ wt :

So for each value of τ∈ (0,1)we get a unique draw from Fwt jxt :ð Þ. We
know that the number of values τ can take in (0,1) is countable infinite.
Again, by assumption,Wt is closed and bounded inℝk so for each value
ofwt∈Wt, we can find a unique τ∈ (0,1). This implies that as the num-
ber of draws (m) goes to infinity we can recover every possible values
from Fwt jxt wtð Þ.

Proof of property 2: Convergence in distribution

Under some regularity conditions, Powell (1991) shows in Theo-

rem 2, the joint distribution of θt ¼ λt
τ

βt
τ

� �
for t = 0 and 1 is,

ffiffiffi
n

p
θ̂t τð Þ−θ0 τð ÞÞd→N 0;Ht

n θð Þ−1Vt
n θð ÞHt

n θð Þ−1
� �

:
�

ð11Þ

The Hessian matrix Hn is

Ht
n θt
� �

¼ 1
n

Xn
i¼1

E f w g xti ; θ
t

� �
xti



 �

ġ t
i θt0
� �

ġ t
i θt0
� �� �0� ih

ð12Þ

where fw(g(⋅)|xit) is the conditional density ofwi given xi,ġi ¼ δg xti ; θ
t

� �
=

δθt and

Vt
n θt
� �

¼ 1
n

Xn
i¼1

ψi θt
� �

ψi θt
� �h i0 ð13Þ

Table 8
100 × Observed and composition constant changes in overall and residual wage
inequality measures by using counterfactual decomposition method.

Residual Inequality Overall Inequality

Δ 90/50

1973–
1989

1989–
2005

1973–
2005

1973–
1989

1989–
2005

1973–
2005

Males Observed 5.40 4.23 9.63 10.31 15.40 25.71
1973 X's 0.64 2.16 2.81 9.51 8.96 18.47
1989 X's 1.00 2.50 3.49 10.92 10.78 21.71
2005 X's 1.69 2.22 3.90 9.30 9.19 18.49

Females Observed 7.60 4.11 11.71 11.06 12.97 24.03
1973 X's 3.60 0.88 4.48 10.82 7.92 18.74
1989 X's 3.55 2.61 6.16 11.28 10.07 21.35
2005 X's 4.38 4.04 8.42 10.90 10.62 21.53

Δ 50/10

1973–
1989

1989–
2005

1973–
2005

1973–
1989

1989–
2005

1973–
2005

Males Observed 7.39 −1.67 5.71 7.59 −2.43 5.61
1973 X's 2.43 −0.37 2.06 10.77 3.93 14.70
1989 X's 2.72 −0.05 2.67 10.84 3.27 14.11
2005 X's 3.17 0.50 3.66 11.83 4.30 16.13

Females Observed 8.84 0.02 8.86 13.28 0.39 13.66
1973 X's 2.15 −1.80 0.35 10.55 5.10 15.65
1989 X's 2.86 −1.44 1.43 9.81 5.60 15.41
2005 X's 2.85 −0.22 2.64 9.77 7.11 16.88

Δ 90/10

1973–
1989

1989–
2005

1973–
2005

1973–
1989

1989–
2005

1973–
2005

Males Observed 12.79 2.56 15.34 17.90 12.97 30.87
1973 X's 30.8 1.79 4.87 20.28 12.89 33.17
1989 X's 3.72 2.45 6.16 21.76 14.05 35.18
2005 X's 4.85 2.71 7.57 21.13 13.49 34.62

Females Observed 16.43 4.14 20.57 24.23 13.35 37.69
1973 X's 5.75 −0.91 4.84 21.37 13.02 34.38
1989 X's 6.41 1.18 7.59 21.08 15.57 36.75
2005 X's 7.23 3.82 11.05 20.67 17.74 38.41
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where ψi θt
� �

¼ τ−I wibg xti ; θ
c

� �� �h i
ti θt
� �

and

ti θt
� �

¼ min
δ−si h xti ; θ

t
� �h i
δh

;
δþsi h xti ; θ

t
� �h i
δh

24 35: ð14Þ

The counterfactual conditional quantile function obtained from the
simulation method described in the Section 2 has the form

wc
i ¼ q f xi; θ

c� �þ uc
i

� �
¼ gc xi; θ

c
;uc

i

� �
where uic is the error term. Note that the superscript c denotes the coun-
terfactual. The above function can be rewritten in the form of a nonlin-
ear regression model with additive error,

wc
i ¼ g xi; θ

c� �þ vci where vci ¼ g xi; θ
c
;uc

i

� �
−g xi; θ

c� �
Assumptions:

A1. The transformation gc(xi,θc,ui) is of the form

gc xi; θ
c
;uc

i

� � ¼ sc hc xi; θ
c
;uc

i

� �
; xi

� �
≡ sci hc xi; θ

c
;uc

i

� �� � ð15Þ

where h(xit,θ,ui) is scalar valued and continuously differentiable with
respect to θ and si(.) is (right and left) differentiable and satisfies the
other regularity conditions described by Powell (1991).

A2. The parameter vector θ0c = ((λ0
c)′,(β0

c)′)′ is an interior point of the
parameter space Θ.

By assumption θ̂
c
is the quantile estimator that minimizes gc(.) and,

also by using the above two assumptions, we obtain the following F.O.C.

Ψc
n θ̂c
� �

¼ 1
n

Xn
i¼1

τ−I wibg xti ; θ
c

� �� �h i
ti θ

c� � ¼ 0 ð16Þ

where

ti θ
c� � ¼ min

δ−si h xti ; θ
t

� �h i
δh

;
δþsi h xti ; θ

t
� �h i
δh

8<:
9=; δh xi; θð Þ

δθ
:

Denoting ψi θ
c� � ¼ τ−I wibg xti ; θ

c� �� �� �
ti θ

c� �
we have,

Ψc
n θ̂c
� �

¼ 1
n

Xn
i¼1

ψc
i θ̂c
� �

¼ op
1ffiffiffi
n

p
� �

: ð17Þ

Now the relation in Eq. (17) has been established, the conditions
of Theorem 2 of Powell (1991) have been satisfied. By applying
Powell's result shown above, we obtain the asymptotic normality of
the estimator θ̂

c

ffiffiffi
n

p
θ̂c τð Þ−θc0 τð Þ

� �
→
d N 0;Hc

n θð Þ−1Vc
n θð ÞHc

n θð Þ−1
� �

ð18Þ

where Hc
n θc
� � ¼ 1

n∑
n

i¼1
E f w g xci ; θ

c� �
xci


 �

ġci θc0
� �

ġci θc0
� �Þ0� ���

, Vc
n θc
� � ¼ 1

n∑
n

i¼1
ψi

θc
� �

ψi θ
c� �� �0 , and fw(gc(.)|xit) is the conditional density of wi

c given xi,

ġci ¼ δgc xti ; θ
c

� �
=δθc.

The next step is to show that Yn is a continuous function of θc ∈ Θ
where Θ is the parameter space of θc. We can write Yn as a composite

function of h1 and h2 in the following way:

Y ¼ gc x0t¼0β
t¼1
τ ;λt¼0

τ

� �
¼ λt¼0

τ x0t¼0β
t¼1
τ þ 1

� �1=λt¼0
τ

¼ h1 h2 �ð Þð Þ

where h1= 1/λτt = 0 and h2= λτt = 0xt = 0
′ βτ

t = 1+1.We note that h1 and
h2 both are continuous function in the parameter space Θ. By applying
the theorem (Walter Rudin, Theorem 4.10, page 87) which states a con-
tinuous function of a continuous function yields a continuous function,
we conclude that Yn is continuous in θc. Nowby applying the Continuous
mapping theorem we obtain the following result,

Fn Ŷn

� �
→
d

F Yð Þas n→∞
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