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ABSTRACT

This study proposes a semi-parametric estimation method, Box-Cox
power transformation unconditional quantile regression, to estimate
the impact of changes in the distribution of the explanatory vari-
ables on the unconditional quantile of the outcome variable. The
proposed method consists of running a nonlinear regression of the
recentered influence function (RIF) of the outcome variable on the
explanatory variables. We also show the asymptotic properties of
the proposed estimator and apply the estimation method to address
an existing puzzle in labor economics-why the 50th/10th percentile
wage gap has been falling in the USA since the late 1980s. Our
results show that declining unionization can explain approximately
10% of the decline in the 50/10 wage gap in 1990-2000 and 23% in
2000-2010.
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1. Introduction

Koenker and Bassett [41] introduce conditional quantile regression to estimate the impacts
of explanatory variables (X) on the conditional quantiles of the outcome variable (Y). How-
ever, researchers applying this method are often interested in finding the effect of X on
the unconditional distribution of Y. For example, the tth quantile regression estimates the
union wage premium only for union workers. In contrast, [21] shows that in a general equi-
librium frame work, a change in the unionization rate also affects earnings for nonunion
workers. To capture the total effect of declining unionization for all workers at the rth
quantile of the earnings distribution, we need to estimate the impact of unionization on
the marginal distribution of income.

The impact of a change in the distribution of X on the marginal distribution of Y (Fy (y))
or other function of Fy(y) can be estimated using a regression-based estimation method
known as unconditional quantile regression developed by Firpo et al. [26]. This estimation
method is also known as RIF (re-centered influence function) regression because it con-
sists of running a regression of the RIF of Y on X.! To enable a direct comparison between
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unconditional and conditional quantile regression estimates, [26] show that the partial
effects of unconditional quantile regressions are simply weighted averages of the marginal
effects of conditional quantile regressions. The weights are the ratio of the conditional to
marginal density of Y at different quantiles.

One of the main reasons why the unconditional quantile regression approach has
attracted a great deal of attention in the econometrics literature is that conditional
quantiles do not average up to their unconditional population counterparts. In par-
ticular, Q;(y|X = x) = x'B; does not imply that Q;(y) = Q. (") 2 As a result, the
estimates obtained by running a quantile regression cannot be used to estimate the
impacts of X on the corresponding unconditional quantile of Y. For example, using
quantile regression estimates, empirical researchers cannot determine the impact of
a marginal increase in all workers’ education on some features of the wage distri-
bution, such as its moments, quantiles, Gini coefficient or other measures of wage
inequality.

In a linear model, the unconditional quantile partial effect can be easily obtained by
using an ordinary least squares regression.> However, the conceptual difficulties of defin-
ing unconditional quantile partial effects are caused by the possible nonlinear relationship
between the distribution of Y and X. In the linear unconditional quantile regression model,
we make the assumption that the change in the distribution of X simply shifts the location
of the distribution of Y and leaves all other features of the distribution unchanged. In many
empirical applications, this assumption may not be true. For example, [7,8] show that since
the 1980s, the US income distribution conditional on labor market characteristics does not
belong to a location family. The asymmetric changes in the US income distribution are
known as the polarization of the US economy.

This study considers an alternative approach of Firpo et al. [26] by incorporating an
extended Box-Cox power transformation model within the framework of RIF regression.*
Gaudry and Laferriere [31] show that Box—-Cox transformation is a power invariance trans-
formation of the linear model. Thus the proposed Box-Cox power transformation RIF
regression model is quite intuitive since a monotonic transformation preserves the order of
the order statistics. Machado and Mata [44] argue that in a simple setup, Box-Cox trans-
formation provides the needed flexibility, as both the transformation parameter and the
coefficients of the linear function are allowed to vary freely at each point of the distribu-
tion. The additional feature of this transformation is that both linear and log-linear cases
are special forms. In terms of estimation, both transformation parameter and coefficients
can be estimated in a nonlinear regression framework.

Machado and Mata [45] consider the effect of a change in the unconditional distribu-
tion of one of the covariates while holding constant the conditional distribution of the
remaining covariates. Machado and Mata [45] approach works under the assumption that
conditional quantile function is linear in X. To address this concern, [32] uses the Box-Cox
quantile regression model to construct a counterfactual wage distribution function and
finds that both [45] method and Ghosh [32]’s simulation method based on Box-Cox
quantile regression model provide similar results except the two-tail of the wage distribu-
tion function. Chernozhukov et al. [23] introduce the distributional regression model that
corresponds to changes in the distribution of the covariates, changes in the conditional dis-
tribution of the outcome given covariates, or both. Both of these approaches yield similar
results when the support of X is sufficiently rich.>
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Using a linear unconditional quantile regression model, [25] construct a counterfac-
tual wage distribution function to decompose the US wage distribution function. Barsky
et al. [14] note that a linear regression-based decomposition method yields inconsistent
estimates when the true conditional expectation function is not linear. To address this
problem, [27] use the re-weighting procedure developed by DiNardo et al. [24]. However,
the re-weighting procedure becomes practically infeasible when there are too many con-
tinuous variables. Moreover, re-weighting can have some undesirable properties in small
samples when there is a problem of common support. Frolich [30] finds that re-weighting
estimators perform poorly in this context.

To construct a counterfactual wage distribution, an alternative approach of Firpo
et al. [27] would be an extended Box—Cox power transformation unconditional quantile
regression model. In this context, [47] shows the use of the Box-Cox Transformation in
limited dependent variable models.® In addition, [37] apply the Box-Cox power trans-
formation to the odd ratio so that we can obtain the logistic model. In particular, the
motivation of introducing an alternative RIF-regression approach is that unlike the linear
RIF regression model, the proposed Box-Cox power transformation unconditional quan-
tile regression model can be used in many empirical applications where a small change in
an independent variable not only changes the location of the distribution of the outcome
variable but also changes the other features of the distribution.

One such example we consider in the empirical application section in which we address
an open question in labor economics as to why the 50/10 wage gap has been falling in
the USA since the early 1980s. Autor et al. [8] show that returns from education, falling
minimum wage, SBTC and other factors cannot explain why middle-income workers are
becoming worse off than low-skilled workers in the left tail of the income distribution. This
study provides a comprehensive analysis of the effects of declining unionization on US wage
inequality over the last two decades. Figure 1 shows that the 50/10 wage gap decreased 5.7%
from 1990 to 2000 and 2.6% from 2000 to 2010 and we find that declining unionization can
explain approximately 10% and 23% of those changes in 50/10 wage gap.

This paper contributes to the previous literature by introducing a new semi-parametric
estimation method, Yeo-Johnson unconditional quantile regression which is based on an
extended Box-Cox power transformation, to evaluate the impact of changes in the dis-
tribution of X on the unconditional quantile of Y. By construction of the Yeo-Johnson
transformation, the linear unconditional quantile regression model is a special case of the
proposed method. We show that the asymptotic properties of the proposed Yeo-Johnson
unconditional quantile partial effect estimator. The asymptotic properties establish the
validity of the inference procedure. In addition, we empirically show that declining union-
ization can explain approximately 10% to 23% of the decline in the 50/10 wage gap in the
period 1990-2000 and 2000-2010 respectively. To the best of our knowledge no other study
in wage inequality literature has been able to explain the decline in 50/10 wage gap.

The structure of the paper is as follows. In Section 2, we present the Yeo-Johnson RIF
regression model, discuss the estimation, show the asymptotic properties for the proposed
Yeo-Johnson unconditional quantile partial effect estimator, and establish the relationship
between proposed and existing estimators of the unconditional quantile partial effect. In
Section 3, we discuss an empirical application of the Yeo-Johnson unconditional quan-
tile regression model. We conclude the paper in Section 4. All derivations are shown in
appendix.
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2. Econometric model

Our parameter of interest, the Unconditional Quantile Partial Effect (UQPE) is defined as

/ 8xE<RIF(Y, q:)|1X = x) dF(x) (1)

where RIF (Recentered Influence Function) is g; + © — Z{Y < g;}/fr(q:); q- is the Tth
population quantile function and Z(-) is a binary variable which takes the value 1 when the
outcome variable is less than or equal to g, and fy (g ) is the density function of Y evaluated
at gr. Firpo et al. [26] discuss the estimation of E(RIF(Y, g;)|X = x) by nonparametric
method and as well as some ad-hoc parametric specification such as RIF-OLS and RIF-
Logit models.

The RIF-OLS model produces an estimate of E(RIF(Y, g;)|X = x) by running a linear
regression of a sample analogue of RIF(Y, q;) on X. The estimated coeflicients from this
regression are used to estimate the average derivative vector as shown in Equation (1). The
linear specification of E(RIF(Y, q;)|X = x) implies that a small change ¢ in covariate X;
simply shifts the location of the distribution of Y by B;.t and leaves all other features of the
distribution unchanged. The linear specification has some undesirable properties in many
empirical applications. For example, if there is an increase in the variance but not the mean
of a covariate then the linear RIF regression finds no effect in any quantile of the outcome
variable.

It is also questionable whether a linear specification performs well in practice given
that E(RIF(Y, q;)|X = x) can be highly nonlinear even in simple settings. An alternative
approach would involve not constraining the model to be linear in probability or logistic
but rather allowing the data to determine the exact transformation that results in a lin-
ear relationship between Y and X.” Box and Cox [18] introduce one such transformation
which has gained popularity in economics because it contains linear and log-linear cases
as special forms. For nonnegative values of Y, the Box-Cox transformation is defined as

A :
B {(Y 1)/Ae if Ar £0 -

Yy, =
log(Y) lf }\.-[ - Oa

where V) _ is the transformed variable and X is the Box-Cox transformation shape param-
eter. The asymptotic properties of Box-Cox estimators are studied by Amemiya and
Powell [4] and Bickel and Doksum [15].

In general, we use the Box-Cox transformation in the settings where the dependent
variable is highly skewed. Although in a quantile context RIF(') for a given value of Y = y
is binary, the Box-Cox transformation is still applicable because the highly skewed distri-
bution of Y makes the conditional expectation function of RIF(-) also highly nonlinear.®
Therefore, in such scenarios the Box—Cox model is more suitable than a linear specified
model. The Box-Cox RIF regression specification has also an advantage over RIF-Logit
model because the Box-Cox transformation does not impose any distributional assump-
tion to specify E(RIF(Y, g;)|X = x). In this setup, we can think of only one extreme case
where X consists of a set of saturated dummies, the RIF function will be linear, regardless
of how the distribution of Y varies with X.
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Wooldridge [52] studies the Box-Cox transformation of the mean regression model.
Powell [48] shows that the Box—Cox transformation model can be estimated and inter-
preted in the framework of quantile regression. Chamberlain [22] and Buchinsky [19]
develop the two-step CBTS (Chamberlain Buchisnsky Two-Step) estimators by exploiting
the equivariance property of quantiles.” Machado and Mata [44] discuss the asymptotic
properties of CBTS estimators and argue that Box-Cox transformation is especially appli-
cable when the heterogeneity of the conditional distribution of outcome variables is not
captured solely by location shifts.

Although Box-Cox transformation is widely used, one of the major limitations of
this transformation is that it is valid only for positive values of Y. To circumvent this
problem, [15] introduce signed power transformation to include negative values of Y.
Atkinson [5] shows the standard asymptotic results of the maximum likelihood method are
not applicable for such signed power transformation because the range of the distribution
is determined by the unknown shape parameter.

Yeo and Johnson [54] have proposed a new family of distributions that can be used
without restrictions on Y that have many of the good properties of the Box-Cox family.
These transformations are defined by

(Y + D* —1) /2, if A #0,Y>0
log(Y + 1) if A; =0,Y>0
Y, = 2—A . (3)
—[(=Y+ D —1]/Q-n1) if A #2,Y <0
—log(—Y +1) if A =2,Y<0

As shown in Equation (3) when Y is strictly positive, the Yeo-Johnson transformation is
the same as the Box-Cox power transformation of (Y 4 1). Also, when Y is strictly nega-
tive, Yeo-Johnson transformation is the Box-Cox power transformation of (—Y + 1) with
power 2 — A. Therefore, similar like Box-Cox transformation, Y, > 0 for positive values
of Y and Y;_ < 0 for strictly negative values of Y.1°

2.1. Identification

Our aim is to study the effect of a marginal change in X on some features of the distribution
of Y while holding everything else constant. Thus we consider the following RIF regression
model introduced by Firpo et al. [26]:

RIF(Y, q:) = E(RIF(Y, 40| X = x) Yo (4)

where E(RIF(Y, q;)|X = x) is the conditional expectation of RIF(-) and &; is the error
term. Following Firpo et al. [26], we also assume that X and &, are independent and also
E(e:(g0)1X = x) = 0.1

This strong strict exogeneity assumption may not hold in different scenarios especially
when the dependent variable is binary. However, [33] shows that in this setup when X
is potentially an endogenous regressor, we can still consistently estimate the UQPE by
using the control function approach introduced by Imbens and Newey [38]. For the [54]
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transformation, the conditional expectation of RIF(Y, g;) given X = x can be written as

((xTﬁf)“ - 1)/1, if Ar #0, xTB; > 0
log(xT,B,) if A, =0, xTB; >0
E(RIF(Y,q.)|X = = 5
( ) x) (( — ") - 1)/(2 —he) if Ar #£2, 2B <0 ®
—log( - xT,BT) if Ay =2, xTB; <0

where A; and B; are the true parameters and x contains the constant term. Note that when
Ar = 1, Equation (5) yields the linear RIF regression model studied by Firpo et al. [26].

Since in this study, we are only interested about the distributional statistic quantile, the
expression for the unconditional partial effects in Equation (1) simplifies to

/ OcE(RIF(Y,q.)|X = x) dF(x)

1
= ]qu) / 8x<Pr[Y > q.|X = x]) dF(x) (6)

The integral in Equation (6) is the average marginal effects of the covariates in a probabil-
ity response model Pr(Y > q.|X = x). Firpo et al. [26] show that both UQPE and CQPE
(conditional quantile partial effect) are equal to the parameter S, of the structural form for
any quantile in a linear RIF regression model. However, this relation does not hold beyond
the linear specification of E(RIF(Y,q;)|X = x). The below result shows the relationship
between UQPE and the structural parameter B, for the Yeo-Johnson RIF regression
model.

Proposition 2.1: Assume that E(RIF(Y, q;)|X = x) is well defined for all values of X = x
and X is independent of the unobserved error term e;. Then UQPE(t) can be expressed as
follows:

pe(T8) T ae A0 B 20
pe(78) T fre=0xTpz0
e(—xT8) T e #2408 <0
() i re=2,4TB <0

UQPE(7) = (7)

Proposition 2.1 implies that UQPE depends on t and both the parameters 8; and A,
except when A, equals to 0 and 2. However, it does not depend on the distribution of €. As
expected, when A, = 1 and xTB; > 0, UQPE equals the structural parameter 8, because
the linear model is a special case of the extended Box-Cox power transformation proposed
by Yeo and Johnson [54].12
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2.2. Estimation

Following [26], we first estimate the following re-centered influence function:

(r-1{r -3 =0})
fr (ﬁr)
where G g | is the sample quantile and fy(A ¢) is the estimated density function of Y eval-

uated at gr. We need to estimate two unknown quantities g, and fy(A r) to estimate the
RIF(Y,Gy). The usual Tth sample quantile can be represented as

G = argrr;iﬂ%(f - I{Yi —qr < 0})<Yi - 6h> )
i=1

The second unknown quantityj‘\y() can be estimated using the following kernel density
estimator:

RIF(v.3:) = +

(8)

fr (@) = ZICY( ) (10)

where KCy () is a kernel function and Ay, is the bandwidth parameter. Finally, under some
regularity conditions as shown in [53] and also stated in the proof of Proposition 2.2, the
parameter vector ; = (B:A:)T can be consistently estimated by using the nonlinear least
squares method:

2
(RF (V) = (T8 = 1)ac) - forne 0,57 2 0

o

Il
_

(Y, ‘Alr) - log(xiT,Bf))2 fori; =0, xT8; >0

M=z
E)
=

D>
]
—_

; = arg min

O

M=

N
g)
~
=
>
S

Il
_

for iy #2, x'B; <0

2
(=)™ =1)/2- xf))
(RIF (Y q,) + log( — xT,BT)) fori; =2, xIB; <0

(11)

Suppose we denote the UQPE parameter as o7 (q;) and & (q;) is the corresponding esti-
mator obtained from the extended Box-Cox power transformation RIF regression model.
Our next result shows that the UQPE estimator of the extended Box-Cox power transfor-
mation RIF regression model is asymptotically normal under some regularity conditions.
We formally state this result in the following proposition.

Mz+

Il
—

Proposition 2.2: Suppose that the Assumptions A1-A6 hold.'> Then, for all T € (0,1),

VNI (@ (@) — e (:)) > N(0, Vie(ar X))

where Vc(qe, K) = hlimo((l/hb)E[Wbc(qr, hs KW (ge, b, KOTD, K is a symmetric
b—>
real-valued kernel function, hy, is the bandwidth parameter, and Yy, () is defined in the proof.
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The proof of Proposition 2.2 is shown in the appendix. This asymptotic property of
a7 (qr) can be used for conducting the inference.

3. Empirical application

In this section, we study one of the most important and relevant issues in the US labor
market: the trend of growing income inequality over the last three decades.

3.1. Hollowing out of the middile class

A large body of literature, including [1-3,8,10,11,24,39,40,43], and [17], investigates the
impacts of different labor market factors contributing to these changes in US income
inequality. In this section, we focus on the open question as to why the income gap between
the middle class and the poor has been falling since the early 1980s. This phenomenon in
labor economics is also known as the hollowing out of the middle class. Autor et al. [7] char-
acterize this pattern as the polarization of the US labor market because median-income
earners are pushed toward the left tail of the US income distribution. Goos and Man-
ning [36] show that the UK has been also experiencing a similar pattern of changes in
income inequality.

3.1.1. Wage gap puzzle

Katz and Murphy [40] and Autor et al. [9] propose an explanation based on relative demand
growth for high-skilled workers and fluctuations in relative skill supplies based on a canon-
ical supply-demand model. Autor et al. [8] argue that explanation based on returns to
education and demand for skilled labor cannot explain why middle-class workers are worse
off than low-skilled workers because middle-class workers have higher levels of human
capital.'* For the same reason, demand for skilled workers and skill-biased technological
changes also cannot explain the 8% fall in the 50/10 wage gap.

Goldin and Katz [35] show that skill-biased technological changes (SBTC) continually
increase the demand for high-skilled workers. The excess demand for high-skilled labor
increases the earnings gap between the top and bottom tails of the income distribution.!”
An explanation based on SBTC and excess demand for skilled workers can explain why the
90/50 and 90/10 wage gaps are increasing but not why the 50/10 wage gap has been falling
over time. In this application, we investigate the role of declining unionization on the fall
in the 50/10 wage gap since the early 1990s.

3.1.2. Data and hypothesis

We use Current Population Survey (CPS) data, which contain income and demographic
information for individual workers. The data are drawn from 5 percent self-weighted Out-
going Rotation Group (ORG) Supplements of the 1980-2010 samples. The data consist
of US-born black and white men, aged 18-65, with positive annual earnings and hours
worked in the year preceding the census and a nonzero sampling weight. The wage mea-
sure used is an hourly wage measure computed by dividing annual earnings by hours of
work for workers not paid hourly. For workers paid hourly, we use a direct measure of
the hourly wage rate. Annual income is expressed in 2010 US dollars using the Personal
Consumption Expenditures price index.
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Table 1. Summary statistics (mean and standard deviation) of the current population survey from 1990

to 2010.
Period 1990 to 2000 Period 2000 to 2010
Difference Difference
Combined Year 1990 Year 2000 (t-stat) Combined Year2000 Year 2010 (t-stat)
No. of observations 67,654 36,645 31,009 74,272 31,009 43,263
Log wage (hourly) 2.903 2.899 2.907 —0.008 2.928 2.907 2.942 —0.035
(0.691) (0.676) (0.708) (—1.508) (0.729) (0.708) (0.743) (—6.443)
Union 0.206 0.225 0.182 0.043 0.165 0.182 0.148 0.034
(0.404) (0.418) (0.386) (6.418) (0.372) (0.386) (0.355) (5.217)
Education 13.093 13.025 13.175 —0.150 13.375 13.175 13.518 —0.344
(3.060) (3.060) (3.059) (—6.351) (2.985) (3.059) (2922) (—15.513)
Experience 18.820 18.172 19.585 —1.413 20.306 19.585 20.823 —1.237
(12.183) (12.351) (11.936)  (—15.059) (12.093) (11.936) (12.179)  (—13.770)
Black 0.084 0.082 0.086 —0.004 0.097 0.086 0.104 —0.019
(0.277) (0.275) (0.280) (=1.701) (0.295) (0.280) (0.097) (—8.432)
Married 0.644 0.654 0.633 0.020 0.638 0.633 0.642 —0.009
(0.479) (0.476) (0.482) (5.528) (0.480) (0.482) (0.479) (—2.472)
Non-urban 0.261 0.272 0.247 0.025 0.246 0.247 0.246 0.001
(0.439) (0.445) (0.431) (7.244) (0.431) (0.431) (0.431) (0.436)
Skilled occupations 0.244 0.233 0.257 —0.024 0.265 0.257 0.271 —0.014
(0.429) (0.423) (0.437) (—7.182) (0.441) (0.437) (0.444) (—4.203)

The summary statistics table reports means and standard deviations (in parentheses) for the Current Population Survey from
1990 to 2010. The data consist of US-born black and white men aged 18-65. Hourly wage is expressed in 2010 US dollars
using the personal consumption expenditure price index. The ‘Difference’ column reports the t-statistic (in parentheses)
for the null hypothesis of equality in means. Union, black, married, non-urban and skilled occupation are dummy vari-
ables which take value equal to 1 when an individual is respectively a union member, African American, married, lives in a
non-metropolitan area, and works in a skilled occupation. Note that the above-reported summary statistics for these five
dummy variables can be used to find out the fraction of non-union, white, unmarried, urban and unskilled occupation
because a dummy variable takes only two values.

The summary statistics are shown in Table 1. The sample sizes are 69,651, 59,750 and
84,239 for the years 1990, 2000 and 2010, respectively. The set of demographic variables
consists of years of schooling, potential experience and experience square, union cover-
age, dummies for marital status, race, statistical metropolitan area and unskilled sector
occupations. The last columns in both the right and left panels of Table 1 show the mean
differences of these variables in two time periods, and ¢-statistics are shown in the paren-
theses. The mean differences are statistically significant for most of the variables in the two
panels.

The top left panel of Figure 1 shows the scatter plot of 50/10 wage gaps from 1976 to
2012, and the dotted red line is the best linear fit. The fitted line shows a steady downward
trend for the 50/10 wage gap since the early 1980s. This result is consistent with the studies
of Autor et al. [11], Autor and Dorn [6], Firpo et al. [27], and Autor et al. [7], who show
that the change in real wage follows a U-shaped pattern across the quantiles of income
distribution since the 1980s. In contrast, the bottom left panel illustrates that the 90/50
wage gap has been increasing since the mid-1970s. These findings imply that the income
gap between the rich and middle class is increasing, whereas the income gap between the
middle class and the poor has been falling over time. This complex pattern of changes in
which upper-tail wage inequality has increased and lower-tail wage inequality has fallen
over time is known as the polarization of the US economy because the US labor market
has been polarized in the direction of the two extremes.
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Figure 1. Changesin US wage inequality from 1976 to 2012 and the unionization rate from 1990 to 2010
by education.

Note: The 5 percent outgoing rotation groups from the Current Population Survey from 1976 to 2012 were used to estimate
changes in US wage inequality. The two left panels show a scatter plot of the 50/10 and 90/50 wage gaps, and the red line
indicates the best linear fit. The top right panel shows the scatter plot of the unionization rate from 1990 to 2010, and the
bottom panel shows the decomposition of union members by five educational categories.

The top right panel of Figure 1 shows that the unionization rate for men has declined
approximately 7% during the period from 1990 to 2010.'® In the bottom right panel, we
show the decomposition of this change by five education groups.!” As shown, the relative
proportions of union members with some college, those who graduated from college and
those who pursued postgraduate studies remain almost the same in the last two decades.
However, the share of high school graduate union workers decreased approximately 5% out
of the total 7% decline in the unionization rate. Therefore, union workers who were high
school graduates represent approximately 70% of the decline in the unionization rate over
the period from 1990 to 2010.!3 In general, high school graduate union workers belong
to the middle of the US income distribution. Because these workers are out of unions,
their income has fallen, which may lead to a decrease in overall income in the middle of
the income distribution. In this paper, we test the above hypothesis using the proposed
Yeo-Johnson RIF regression model.

3.1.3. Identification
The RIF regression estimates of unionization are inconsistent because union and nonunion
workers differ in their unobserved heterogeneity. Because there is no valid instrument
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for unionization, we use the distribution function based [46] decomposition method as
proposed by DiNardo et al. [24] to address the potential endogeneity issue.!” We note
that over the last two decades apart from DiNardo et al. [24], many studies including
[13,23,25-27,32,34,45,49-51] have extended the literature on distribution function based
[46] decomposition method.?’

Following the above-mentioned studies on distribution function based decomposition
method, we use the following expression to estimate the effects of an individual covariate
X* at different quantiles of the US income distribution:

Effects of X* = v(F(y,) — v(Fiy) (12)

where v is any distributional statistics such as mean, quantile, quantile difference. Fj,,
is the wage distribution function in period t € {0, 1} and ng is the counterfactual wage
distribution which is defined as

FS,(w) = F(W;X;;O,Xt:l), (13)

where the set of covariates X; = [X?‘Xt], and X; denotes all the other covariates except X}
In our application, X* is the unionization variable. We denote t = 0 as our base period
and t = 1 as the last period. Thus the counterfactual distribution function F gv (w) corre-
sponds to the distribution of wage that would have observed in ¢ = 1 if the union coverage
variable was distributed as in t = 0 and everything else remain the same as in 2010. To
estimate the v(FtW) and v(ng), we use the following result from Firpo et al. [26],

v(Fw) = Ex(E(RIF(w, v)|X = %)).

Therefore, we use both RIF-OLS and RIF-Yeo-Johnson regression methods to obtain the
estimates of E[RIF(w, v)|X = x] and also the sample analog for the expectation function.
The estimation details of RIF-Yeo-Johnson method are discussed in Section 2.2. The esti-
mated impacts from Equation (12) can be treated as causal effects under some regularity
conditions. In the survey of decomposition methods, [29] discuss in detail under what
regularity conditions [46] decomposition method estimates can be interpreted as causal
effect.?!

3.1.4. Results
The top panel of Table 2 shows the changes in overall US wage inequality, summarized by
the 90/10 log wage differential; changes in wage inequality in the upper and lower halves of
the distribution, summarized by the 90/50 and 50/10 log wage gaps (which are referred to
as upper-tail and lower-tail wage inequality in the labor economics literature); changes in
the 75/25 log wage gaps and changes in Gini coefficients. All these changes are decomposed
in two time periods, 1990 to 2000 and 2000 to 2010. The estimation results are shown in
the lower panel of Table 2.22

As shown in the upper panel of Table 2, the 50/10 wage gap decreased by 5.7% from
1990 to 2000 and by 2.6% from 2000 to 2010. Consistent with [6,11], and [7], we also find
that wages remain almost the same in the lower tail of the income distribution. There-
fore, the 50/10 wage gap fell by 5.7% in the 1990s because middle-class workers’ real wage
decreased significantly during that period. Alvaredo et al. [3] show that most of the benefits
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Table 2. Effects of declining unionization on the change in US wage inequality from 1990 to 2010.

|. Wage inequality

Period 1990 to 2000 Period 2000 to 2010
Wage gap 90/10 90/50 50/10 75/25 Gini 90/10 90/50 50/10 75/25 Gini
A 2.280 7.983 —5.697 0.227 —1.378 3.740 6.374 —2.641 1242 —1.218

(1.582) (1.493) (1.417) (1.132) (0.097) (1.649) (1.375) (1.488) (1.070) (0.088)
Il. Impacts of Unions

Proposed YJUQR

Estimated effects ~ —0.306 —0.887 0.580 —0.600  0.000 —0.400 —1.020 0.620 —0.597 —0.001

Standard errors (0.002) (0.001) (0.001) (0.003) (0.000) (0.004) (0.002) (0.002) (0.001) (0.000)
% of A [0.134] [0.111] [0.102] [2.645] [0.000] [0.107] [0.160] [0.235] [0.480] [0.001]
Linear UQR

Estimated effects 0.028 —0.007 0.035 0.002 0.000 —-0.012 —-0.013 0.000 —0.066 —0.002

Standard errors (0.001) (0.001) (0.001) (0.000) (0.000) (0.001) (0.001) (0.001) (0.001) (0.000)
% of A [0.012] [0.001] [0.006] [0.008] [0.000] [0.003] [0.002] [0.000] [0.053] [0.001]
Logit UQR

Estimated effects —0.825 —1.063 0.238 —-0.761 —0.001 —-0.735 -—-1.117 0.383 —0.828 —0.002
Standard errors (0.002) (0.001) (0.004) (0.002) (0.000) (0.001) (0.003) (0.004) (0.003) (0.000)
% of A [0.361] [0.133] [0.042] ([3.355] [0.000] [0.197] [0.175] [0.145] [0.667] [0.002]

Nonparametric UQR

Estimated effects —1.265 —1.489 0.224 —0.933 0.000 —1.295 —1.560 0.265 —1.021 0.003
Standard errors (0.004) (0.004) (0.003) (0.004) (0.000) (0.001) (0.005) (0.002) (0.003) (0.000)
% of A [0.553] [0.187] [0.039]1 [4.113] [0.000] [0.347] [0.245] [0.100] [0.822] [0.003]

The table reports the estimation results from a distribution function based decomposition method. Following the recent
studies related to distribution function-based decomposition method mentioned in Section 3.1.3, we use v; (F(w;y)) —
vr (Fc(w)), to estimate the effects of unions on different features of the wage distribution function. F(w;) is the wage
distribution function at period t € {0, 1}, and F.(w) is the counterfactual wage distribution function. The counterfactual
wage distribution Fc(w) is defined as the only unionization variable that remains the same as in period t = 0, and all
other variables are distributed as in t = 1 thatis Fc(w) = F(w; X{_,, X{_;). The naive bootstrapped standard errors (200
replications) for linear, logit, and nonparametric UQR and the proposed Yeo—Johnson unconditional quantile regression
(YJUQR) are given in parentheses.

of the increase in US income have been captured by the top 10% since the early 1980s.
These results suggest that the driving force of changing upper-tail wage inequality is a steep
increase in income in the upper tail of the wage distribution.

The effects of unions on wage inequality can be decomposed into two parts. First,
unions raise the wage of unionized low-skilled workers more than that of high-skilled
workers and thus reduce wage inequality across different income groups. This is known
as the inequality-decreasing ‘within’ effect.?* Second, while unions reduce wage inequal-
ity within the union sector, they increase the wages of their members relative to the
wages of non-unionized workers.?* This is the inequality-increasing ‘between’ effect. The
UQPE represents the sum of within and between effects of unionization, while the quantile
regression measures only the within effect.?®

The distribution function-based decomposition method results from the proposed
Yeo-Johnson unconditional quantile regressions and also the [26] models are reported
in bottom panels of Table 2.2 In the left panel, the Yeo-Johnson unconditional quantile
regression (YJUQR) estimate of 0.58 can be interpreted as follows: if the distribution of
unionization remained the same in 1990, then the 50/10 wage gap would have increased
by 0.58%. This implies that declining unionization can explain approximately 10% (~
0.58/5.7) of the decline in the 50/10 wage gap from 1990 to 2000. Similarly, the fall in
unionization rate can also explain approximately 23%(= 0.62/2.64) of the decline in the
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50/10 wage gap from 2000 to 2010. Therefore, we conclude that declining unionization can
explain a significant fraction of the downward trend of the 50/10 wage gap since the early
1990s.

In contrast, the linear unconditional quantile regression estimates suggest that declin-
ing unionization has almost no effect in explaining the 8% decline in the 50/10 wage gap
from 1990 to 2010. Consistent with the Yeo-Johnson unconditional quantile regression
(YJUQR) estimates, both the logit and nonparametric UQR estimates are significantly
greater than zero although marginally lower than the estimates of our proposed approach.
These results suggest that in this application the linear unconditional quantile regression
model does not perform well most likely because the true conditional expectation function
of RIF(-) is not linear.

4, Conclusion

In this paper, we introduce a semi-parametric estimation method to estimate the effect
of changes in the distribution of X on the unconditional quantile of Y. The proposed
Yeo-Johnson unconditional quantile regression consists of running a nonlinear least
square regression of the RIF of Y on X. We show that the proposed Yeo-Johnson uncon-
ditional quantile partial effect estimator is consistent. By definition, in Yeo-Johnson
transformation, [26]’s linear unconditional quantile regression is a special case of the
proposed method. The main advantage of the proposed method over [26]’s RIF non-
parametric approach is that we do not need to estimate a large number of parameters
to make a polynomial approximation of E[RIF(y,q,)|X = x]; instead, we estimate one
additional Yeo-Johnson transformation parameter A, using the nonlinear least square
method.

In the empirical application, we investigate an open question in labor economics as to
why the income gap between the middle class and the poor has been decreasing since the
early 1980s. This phenomenon in labor economics is known as the disappearing middle
class. Using the proposed Yeo-Johnson RIF-regression model, first we construct a counter-
factual wage distribution function and then subtract that from the actual wage distribution
function to estimate the impact of declining unionization on US wage inequality. We find
that declining unionization can explain approximately 10-23% of this downward trend of
the 50/10 wage gap since the early 1990s.

Notes

1. The RIF is defined in Section 2.

2. Q: (") is the conditional quantile function, B; is the regression parameter and v denotes a

quantile.

. The unconditional quantile partial effect is defined in Section 2.

. We use the extended Box-Cox power transformation proposed by Yeo and Johnson [54].

5. The support of X sufficiently rich implies that there exists a huge variation in X so that the choice
of link function is not important to approximate the conditional distribution function Fyx (y|x)
arbitrarily well.

6. In this context implies that we refer to the situation where our dependent variables RIF(-) are
binary for a given value of the outcome variable when we consider the distributional statistic
quantile. RIF(:) for quantile is defined in Equation (1) and the detailed explanation are provided
in Section 2.

AW
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7. As we mentioned earlier, the Firpo et al. [26] nonparametric model is a power approximation
of logistic model specification.
8. RIF(:) is defined in Equation (1). As shown, for a given value of Y = y, RIF(:) takes value g, +
(t — 1)/fy for y < g and q; + t/fy otherwise.
9. Koenker and Park [42] develop an algorithm to implement the CBTS estimator. Fitzenberger
et al. [28] suggest a modified version of the CBTS estimator.

10. Yeo and Johnson [54] show that the two transformation differ in their behavior the values of Y
are close to zero, with Box—Cox transformation providing a much larger change for small values
than does the Yeo-Johnson transformation.

11. Note that this model setup is similar to Firpo et al. [26] in which the authors also estimate the
RIF regression model parameters using the strict exogeneity assumption.

12. Similarly, when A; = 1 and xT B, < 0, UQPE equals to -B;.

13. The assumptions A1-A6 are shown in the proof of Proposition 2.2.

14. In this context, skill refers to years of schooling.

15. Technological changes are measured by changes in the market price of cognitive and non-
cognitive skills.

16. Unionization includes both union members and workers covered by unions.

17. The dark and light blue colors represent the high school dropouts and high school graduates;
the green, yellow and purple colors represent union members who attended college, graduated
from college and pursued postgraduate education.

18. During the period from 1990 to 2010, the unionization rate has declined 7.7% (= 22.5% -
14.8%), and the proportion of high school graduate union workers declined 5.47% (= 10.84%
- 5.37%). Thus the contribution of high school graduate union workers is & (5.47/7.7) x 100
= 71%.

19. Over the last five decades of unionization literature, we still do not have a valid instrument.

20. Fortin et al. [29] provide a detail discussion on the methodological development of decomposi-
tion method since [46] and [16].

21. In this empirical setup, one of those assumptions implies that the distribution of workers’ unob-
served skills remains the same over the two periods. Thus taking the difference in wages at the
same quantile of the wage distribution in two time periods yields a consistent estimate of the
impact of unionization.

22. We report the Yeo-Johnson RIF regression estimates of f; and A, for years 1990, 2000 and
2010 in Appendix Table 2. Because A, do not vary much across those three years for a given
7, we could apply the same Yeo-Johnson RIF regression model to construct counterfactual
distributions for different years.

23. See [20] for details.

24. Card [21] shows that the wages of nonunion workers fall because of the increased supply of
workers squeezed out from union jobs.

25. See [12] for a detailed discussion.

26. The third row of the bottom panel shows the contribution of unionization in terms of percent-
ages to explain the change in the wage gap as reported in the top panel.
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