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1 Introduction

Since the seminal contributions of Oaxaca (1973) and Blinder (1973), one of the most ex-
tensive strands of the literature in empirical labor economics has aimed at decomposing
wage gaps into components attributable to group composition and net effects of group
membership, often referred to as the explained component and the unexplained com-
ponent, respectively. Recently, several researchers (Barsky et al., 2002; Black et al., 2006,
2008; Melly, 2006; Fortin et al., 2011; Kline, 2011) have noted that the unexplained com-
ponent in the most basic version of the Oaxaca–Blinder decomposition can sometimes be
interpreted as the average treatment effect on the treated (ATT).1 In this paper I extend
this literature by deriving a new version of the Oaxaca–Blinder decomposition whose un-
explained component can be interpreted as the average treatment effect (ATE), which is
likely to be the primary object of interest in various empirical contexts. Because the po-
tential outcome model (see, e.g., Holland, 1986; Imbens and Wooldridge, 2009) is rarely
invoked in the wage gap literature, I usually refer to this object as the average wage gap—an
equivalent parameter which lacks a causal interpretation.

It is important to note that this new decomposition is distinct from previous ver-
sions of the so-called “generalized Oaxaca–Blinder decomposition” (Reimers, 1983; Cot-
ton, 1988; Neumark, 1988; Oaxaca and Ransom, 1994; Fortin, 2008), although it easily fits
into this class of models. Different members of this class are defined by the choice of the
comparison wage structure—a counterfactual wage setting function with which all actual
wages are compared. In this paper I study whether the average wage gap can be recov-
ered with some version of the generalized Oaxaca–Blinder decomposition. I derive such
a new model which uses a linear combination of the regression coefficients for both sub-
populations (advantaged and disadvantaged workers) as the comparison wage structure.
However, these coefficients are weighted in a nonstandard way, namely the population
proportion of advantaged workers is used to weight the coefficients for disadvantaged
workers, and vice versa. Clearly, such a weighting procedure may at first look counterin-
tuitive.2 Nevertheless, within the framework of this paper the role of each group’s wage
structure is to serve as the counterfactual for the other group, and therefore we should

1Other contributions to the decomposition literature have recently concentrated on semi- and nonpara-
metric analogues of traditional Oaxaca–Blinder decompositions (Barsky et al., 2002; Black et al., 2006, 2008;
Frölich, 2007; Mora, 2008; Ñopo, 2008) and extensions to other distributional statistics besides the mean
(Juhn et al., 1993; DiNardo et al., 1996; Machado and Mata, 2005; Melly, 2005; Firpo et al., 2007; Cher-
nozhukov et al., 2013).

2Note that a similar model had already been used by Duncan and Leigh (1985) in an application to union
wage premiums, but such an approach was criticized—as “not a very intuitive procedure”—by Oaxaca and
Ransom (1988).
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indeed put more weight on the coefficients for the smaller group in order to recover the
average wage gap. Note that a similar intuition can also be applied to provide a reinter-
pretation of the Reimers (1983), Cotton (1988), and Fortin (2008) decompositions. Each of
these decompositions is easily shown to recover some generally uninteresting weighted
average of conditional wage gaps.

As demonstrated by Fortin et al. (2011), identification of the explained component and
the unexplained component requires a set of assumptions: simple counterfactual treat-
ment, overlapping support, and conditional independence/ignorability. The assump-
tions of a simple counterfactual treatment and conditional independence together imply
that the conditional wage distribution remains invariant to manipulations of the marginal
distribution of covariates (“invariance of conditional distributions”). Therefore, it is pos-
sible to construct a counterfactual wage distribution which would be observed if disad-
vantaged workers were paid according to the wage setting function of advantaged work-
ers, and vice versa. Then, the unexplained component can be interpreted as a treatment
effect provided that the potential outcome model is also invoked—which might not be
desirable, however, in the wage gap literature.

In this paper I also provide an empirical example which uses my new decomposition
as well as other econometric methods to study gender wage gaps with the UK Labour
Force Survey (LFS) data, for each year from 2002 to 2010. In particular, the standard
parametric approach is complemented by normalized reweighting and a combination of
stratification and different versions of the Oaxaca–Blinder decomposition. Importantly,
I provide separate estimates of the average wage gap, the average wage gain for men,
and the average wage loss for women. This is the first paper to clarify the distinction
between these parameters and provide separate estimates for each of them.

2 Theory

2.1 Framework and Notation

Consider a population which is divided into two mutually exclusive groups, indexed by
di ∈ {0, 1} and referred to as the advantaged group (di = 1) and the disadvantaged group
(di = 0). For each unit i, we also observe a (log) wage, yi, and a row vector of covariates,
Xi. In that case, E[yi | Xi = x, di = 1] is the expected (log) wage of an advantaged
worker with observed characteristics Xi = x and E[yi | Xi = x, di = 0] is the expected
(log) wage of a disadvantaged worker with these characteristics. Moreover, define the
conditional wage gap to be τ(x) = E[yi | Xi = x, di = 1]− E[yi | Xi = x, di = 0], i.e. the
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gap between the expected (log) wages of an advantaged worker and a disadvantaged
worker with Xi = x. Dependent on the question we wish to answer, we may average
τ(Xi) over the whole population, over the subpopulation of advantaged workers or over
the subpopulation of disadvantaged workers. Define the average wage gap to be:

τgap = E[τ(Xi)]. (1)

Within the framework of a potential outcome model, and under additional assumptions,
this parameter is equivalent to the average treatment effect. Moreover, define the average
wage gain for advantaged workers and the average wage loss for disadvantaged workers to be:

τgain = E[τ(Xi) | di = 1] and τloss = E[τ(Xi) | di = 0], (2)

respectively. Similarly, under certain conditions, these parameters can be regarded as
equivalents of the average treatment effect on the treated and the average treatment effect
on the controls. It is also the case that:

τgap = P[di = 1] · τgain + P[di = 0] · τloss. (3)

Thus, a particular weighted average of the average wage gain for advantaged workers
and the average wage loss for disadvantaged workers is equal to the average wage gap.

It is important to note that without further assumptions τ(x), τgap, τgain, and τloss

cannot be interpreted as causal or counterfactual; they are also identified from the data.
As demonstrated by Fortin et al. (2011), a counterfactual interpretation can be justified
by a set of three additional assumptions: simple counterfactual treatment, overlapping
support, and conditional independence/ignorability. These assumptions are discussed
below for completeness.

Assumption 1 (Simple Counterfactual Treatment). The observed wage structure of advan-
taged (disadvantaged) workers represents a counterfactual wage structure for disadvantaged (ad-
vantaged) workers.

This assumption restricts the analysis to counterfactuals which are based on the observed
wage structure for the other group. In other words, the observed wage structure of ad-
vantaged workers provides a counterfactual for disadvantaged workers, and vice versa.
It is important to note that this assumption rules out the presence of general equilibrium
effects, and this might be a substantial restriction in some empirical contexts.
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Assumption 2 (Overlapping Support). Define εi to be the worker’s unobserved characteristics.
Then, 0 < P[di = 1 | Xi = x, εi = e] < 1.

The overlapping support assumption ensures that no combination of observed and un-
observed characteristics can be used to identify group membership. This restriction has
recently become controversial in the gender wage gap literature, because “a significant
number of males exhibit[s] a set of characteristics that have no female counterparts, and
these characteristics are highly rewarded in the labor markets” (Ñopo, 2008); clearly, sim-
ilar problems can also arise in other empirical contexts.

Assumption 3 (Conditional Independence/Ignorability). Let (di, Xi, εi) have a joint distri-
bution. Then, di ⊥ εi | Xi, i.e. the worker’s unobserved characteristics are independent of group
membership, conditional on observed covariates.

This assumption rules out the presence of unobserved characteristics which would be
correlated with both group membership and wages, conditional on observed covariates.
Such a requirement is potentially problematic in the case of gender wage gaps, because in
most studies there are several omitted variables which have been shown to be correlated
with both gender and wages. These unobserved covariates include college major (Brown
and Corcoran, 1997; Loury, 1997; Machin and Puhani, 2003; Black et al., 2008), propensity
to negotiate wages (Leibbrandt and List, 2014), test scores (Blackburn, 2004), gender role
attitudes (Fortin, 2005), absenteeism (Ichino and Moretti, 2009), and various personality
traits (Mueller and Plug, 2006; Fortin, 2008; Manning and Swaffield, 2008).3

It is important to note that each of these three assumptions is potentially controversial,
but they are still required to disentangle the explained component and the unexplained
component (Fortin et al., 2011). If we maintain these assumptions, it becomes possible
to construct a counterfactual wage distribution which would be observed if disadvan-
taged workers were paid according to the wage structure of advantaged workers, and
vice versa. This counterfactual experiment provides a meaningful interpretation of τgap,
τgain, and τloss. The average wage gap, τgap, is equal to the difference between mean
wages in two counterfactual distributions: in the first distribution, all workers are paid
according to the wage setting function of advantaged workers; in the second distribution,
all workers are paid according to the wage setting function of disadvantaged workers.

3Of course, some form of endogeneity might also arise if there are unobserved covariates with different
correlation patterns. However, as demonstrated by Fortin et al. (2011), identification of the explained and
unexplained components is not threatened unless the conditional independence assumption is violated.
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Similarly, the average wage gain for advantaged workers, τgain, is equal to the average
gap between actual wages of advantaged workers and their counterfactual wages which
would be observed if these workers were paid according to the wage structure of dis-
advantaged workers. Analogously, the average wage loss for disadvantaged workers,
τloss, is equal to the average gap between counterfactual wages of disadvantaged workers
which would be observed if these workers were paid according to the wage structure of
advantaged workers and their actual wages. Although τloss might be the most intuitive
estimand in some contexts, the decomposition literature has often been concerned with
both gains and losses (see, e.g., Fortin, 2008), and therefore τgap and τgain are also usu-
ally interesting. Especially, the average wage gap—a noncausal equivalent of the average
treatment effect—is likely to be the primary object of interest in many empirical studies.

2.2 Oaxaca–Blinder Decompositions

Let the model for outcomes be linear and separable in observed and unobserved charac-
teristics, and allow the regression coefficients to be different for both groups of interest:

yi = Xiβ1 + υ1i if di = 1 and yi = Xiβ0 + υ0i if di = 0. (4)

Also, E[υ1i | Xi, di] = E[υ0i | Xi, di] = 0. The raw wage gap, E[yi | di = 1]− E[yi | di = 0],
can then be decomposed as:

E[yi | di = 1]− E[yi | di = 0] = E[Xi | di = 1] · (β1 − β0)

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β0, (5)

where the first element, E[Xi | di = 1] · (β1− β0), reflects intergroup differences in regres-
sion coefficients, and is often referred to as the unexplained component, while the second
element, (E[Xi | di = 1] − E[Xi | di = 0]) · β0, reflects intergroup differences in mean
covariate values, and is often referred to as the explained component. Similarly:

E[yi | di = 1]− E[yi | di = 0] = E[Xi | di = 0] · (β1 − β0)

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β1. (6)

The difference between Equations 5 and 6 rests upon using alternate comparison coeffi-
cients to calculate the explained component as well as measuring the distance between
the regression functions, β1 − β0, for a different set of covariate values. Moreover, Equa-
tions 5 and 6 recover the average wage gain for advantaged workers and the average
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wage loss for disadvantaged workers, respectively:

τgain = E[Xi | di = 1] · (β1 − β0) and τloss = E[Xi | di = 0] · (β1 − β0). (7)

There has been a long-lasting tendency in the decomposition literature to claim that the
choice of the comparison group in this context (choosing between Equations 5 and 6)
is necessarily ambiguous. The standard response has been to suggest alternative wage
structures to solve this comparison group choice problem. Such an approach is referred
to as “generalized Oaxaca–Blinder”, and it involves an alternative decomposition:

E[yi | di = 1]− E[yi | di = 0] = E[Xi | di = 1] · (β1 − β∗) + E[Xi | di = 0] · (β∗ − β0)

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β∗, (8)

where β∗ is the set of comparison coefficients, typically referred to as the “nondiscrim-
inatory” or “competitive” wage structure. Note that if β∗ = β1 = β0, then there is no
unexplained component, because β1 = β0 implies that all workers are paid according to
the same wage structure. Also, some authors provide a simple interpretation of the two
elements of the unexplained component in Equation 8. Namely, E[Xi | di = 1] · (β1 − β∗)

is sometimes interpreted as “the amount by which . . . productivity characteristics [of ad-
vantaged workers] are overvalued”, in which case E[Xi | di = 0] · (β∗ − β0) is interpreted
as “the amount by which . . . productivity characteristics [of disadvantaged workers] are
undervalued” (Cotton, 1988). These two objects, in general, do not overlap with τgain and
τloss. However, for some choices of β∗, they are very closely related.

Several influential papers have been devoted to suggesting alternative sets of com-
parison coefficients for Equation 8, and these coefficients have often been formulated as
β∗ = λ · β1 + (1− λ) · β0 where λ ∈ [0, 1] is a weighting factor. If λ = 0, then disad-
vantaged workers are used as reference, β∗ = β0, and Equation 8 simplifies to Equa-
tion 5. Similarly, if λ = 1, then advantaged workers are used as reference, β∗ = β1,
and Equation 8 simplifies to Equation 6. Alternatively, Reimers (1983) suggested λ = 1

2

and Cotton (1988) suggested λ = P[di = 1], the population proportion of advantaged
workers. Moreover, Neumark (1988) developed a simple model of Beckerian discrimina-
tion, and showed that identification of the nondiscriminatory wage structure is ensured,
for example, if the utility function of the representative producer is homogeneous of de-
gree zero with respect to labor inputs of advantaged and disadvantaged workers. Such a
wage structure can be approximated by regression coefficients in a pooled model which
excludes group membership (Neumark, 1988). Although this solution to the comparison
group choice problem has been the most popular alternative to the basic Oaxaca–Blinder
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decomposition (Weichselbaumer and Winter-Ebmer, 2005), it has been criticized by both
Fortin (2008) and Elder et al. (2010), since exclusion of the group membership dummy
can bias coefficients on other covariates which also affects the unexplained component.
Therefore, Fortin (2008) has proposed to use a pooled model including group member-
ship as the comparison wage structure. As noted by Fortin (2008) and Fortin et al. (2011),
the unexplained component in such a decomposition is equal (by construction) to the
coefficient on the group membership dummy in a pooled regression.

2.3 Oaxaca–Blinder and the Average Wage Gap

In this subsection I provide an alternative solution to the comparison group choice prob-
lem by developing a new version of the Oaxaca–Blinder decomposition whose unex-
plained component recovers the average wage gap. This model also uses Equation 8
and a comparison wage structure which is constructed as a specific linear combination of
the regression coefficients for both subpopulations of interest.

Proposition 1 (Oaxaca–Blinder and the Average Wage Gap). If β∗ = P[di = 0] · β1 +

P[di = 1] · β0, then the unexplained component of the Oaxaca–Blinder decomposition in Equa-
tion 8 recovers the average wage gap.
Proof. Combine Equation 8 with β∗ = P[di = 0] · β1 + P[di = 1] · β0 and reformulate:

E[yi | di = 1]− E[yi | di = 0] = E[Xi | di = 1] · (β1 − β∗) + E[Xi | di = 0] · (β∗ − β0)

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β∗

= E[Xi | di = 1] · (β1 − (P[di = 0] · β1 + P[di = 1] · β0))

+ E[Xi | di = 0] · ((P[di = 0] · β1 + P[di = 1] · β0)− β0)

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β∗

= P[di = 1] · E[Xi | di = 1] · (β1 − β0)

+ P[di = 0] · E[Xi | di = 0] · (β1 − β0)

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β∗

= P[di = 1] · τgain + P[di = 0] · τloss

+ (E[Xi | di = 1]− E[Xi | di = 0]) · β∗

= τgap + (E[Xi | di = 1]− E[Xi | di = 0]) · β∗. �

Although using the population proportion of advantaged workers to weight the coeffi-
cients for disadvantaged workers and using the population proportion of disadvantaged
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workers to weight the coefficients for advantaged workers may at first look counterintu-
itive, each of the wage structures plays a clearly defined role in such a decomposition—it
serves as the counterfactual for the other group (see Assumption 1). This is exactly the
reason why more weight should be put on the wage structure of the smaller group which
is used to provide the counterfactual for the larger one.

Interestingly, this alternative decomposition is equivalent to a flexible linear regression
model for the average treatment effect, presented in Imbens and Wooldridge (2009) and
Wooldridge (2010). The average treatment effect can be recovered as the coefficient on di

in the regression of yi on 1, di, Xi, and di · (Xi − E[Xi]). Imbens and Wooldridge (2009)
have noted that such a model can alternatively be written as:

τATE = E[yi | di = 1]− E[yi | di = 0]

− (P[di = 0] · β1 + P[di = 1] · β0) · (E[Xi | di = 1]− E[Xi | di = 0]), (9)

which is equivalent to the Oaxaca–Blinder decomposition in Proposition 1. Similarly, the
unexplained component of the Oaxaca–Blinder decomposition in Equation 5 is equal to
the coefficient on di in the regression of yi on 1, di, Xi, and di · (Xi − E[Xi | di = 1]) and
the unexplained component of the Oaxaca–Blinder decomposition in Equation 6 is equal
to the coefficient on di in the regression of yi on 1, di, Xi, and di · (Xi − E[Xi | di = 0]).

The logic and approach of Proposition 1 applies also to the well-known versions of the
Oaxaca–Blinder decomposition in Reimers (1983), Cotton (1988), and Fortin (2008). It can
be easily verified that (i) the unexplained component of the Reimers (1983) decomposi-
tion is equal to the arithmetic average of the average wage gain for advantaged workers
and the average wage loss for disadvantaged workers; (ii) the unexplained component of
the Cotton (1988) decomposition is equal to a weighted average of the average wage gain
for advantaged workers and the average wage loss for disadvantaged workers, with re-
versed weights attached to both these parameters;4 and (iii) the unexplained component
of the Fortin (2008) decomposition is approximately equal to the same parameter. This
last interpretation is based on the similarity between the unexplained component of the
Cotton (1988) decomposition and the coefficient on the group membership dummy in a
simple linear regression (Elder et al., 2010) and a related reinterpretation of the linear re-
gression estimand in the presence of heterogeneous treatment effects (Słoczyński, 2014).
In consequence, whenever we are concerned with heterogeneity in conditional wage
gaps, there is good reason to choose the new version of the Oaxaca–Blinder decompo-

4In other words, the proportion of disadvantaged workers is used to weight the average wage gain for
advantaged workers and the proportion of advantaged workers is used to weight the average wage loss
for disadvantaged workers.
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sition in Proposition 1 to estimate the average wage gap.5 When instead we use the
Reimers (1983), Cotton (1988), or Fortin (2008) decompositions, we risk overstating the
importance of the smaller group. As an extreme example, assume that the proportion of
advantaged workers goes to zero. In that case, in the limit, the unexplained components
of the Cotton (1988) and Fortin (2008) decompositions approach the average wage gain
for advantaged workers, i.e. the group which is nearly absent by assumption.

On the other hand, it should be noted that these interpretations of the Reimers (1983),
Cotton (1988), and Fortin (2008) decompositions are based on the assumption of a simple
counterfactual treatment (Assumption 1), while this assumption has not been invoked in
any of these papers. More precisely, each of these papers has attempted to account for
the presence of general equilibrium effects—which are ruled out by Assumption 1—and
to derive a comparison wage structure which would be observed if wage discrimination
ceased to exist. It is very difficult, however, to correctly guess the form of this “nondis-
criminatory” or “competitive” wage structure—and Reimers (1983), Cotton (1988), and
Fortin (2008) have not provided any theoretical models to rationalize their choices. In
this situation we might perhaps prefer to invoke the assumption of a simple counterfac-
tual treatment instead of relying on the general-equilibrium approach—in which case the
Reimers (1983), Cotton (1988), and Fortin (2008) decompositions would be problematic.

2.4 A Semiparametric Extension

If we indeed decide to aim at estimating τgap, τgain, and τloss, then any of the standard
estimators of the average treatment effect and the average treatment effect on the treated
can be used to estimate τgap and τgain/τloss, respectively, and we can safely assume that the
better an estimator is for various average treatment effects, the better it is also for various
averages of conditional wage gaps (for a similar discussion, see Fortin et al., 2011).

Indeed, recent applications have used reweighting (Barsky et al., 2002), matching on
covariates (Black et al., 2006, 2008; Ñopo, 2008), propensity score matching (Frölich, 2007),
and regression trees (Mora, 2008) to study intergroup differences in various outcomes.
In this subsection I demonstrate how various averages of conditional wage gaps can
also be estimated using a combination of stratification (on the propensity score) and the
Oaxaca–Blinder decomposition. This new estimation method is very similar to combin-
ing stratification and linear regression. Although this latter estimator is well established
(see, e.g., Dehejia and Wahba, 1999; Imbens and Wooldridge, 2009), it does not allow for

5Note that there is persuasive evidence on such heterogeneity which has been accumulated in the liter-
ature on glass ceilings (see, e.g., Albrecht et al., 2003; Arulampalam et al., 2007; de la Rica et al., 2008; Chzhen
and Mumford, 2011).
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within-strata treatment effect heterogeneity. Since the Oaxaca–Blinder decomposition can
be regarded as a version of flexible OLS (in the sense that it allows for heterogeneity in
effects), this shortcoming can be addressed by a combination of stratification and the
Oaxaca–Blinder decomposition. On the other hand, it needs to be noted that this estima-
tion method only allows for a very specific form of effect heterogeneity—linear in Xi.

Such an estimator of the average wage gap requires a first-step estimation of the
propensity score, i.e. the conditional probability that a sample member belongs to the
advantaged group given his or her covariate values. The estimated propensity score is
then used to divide the whole sample into J strata. For each stratum j, a separate estimate
of the average wage gap, τ̂gap, j, is obtained using the decomposition in Proposition 1.
Also, the estimated variance, V̂gap, j, can be computed, and these estimates are averaged
using a procedure in Imbens and Wooldridge (2009):

τ̂gap =
J

∑
j=1

(
nj0 + nj1

n
) · τ̂gap, j and V̂gap =

J

∑
j=1

(
nj0 + nj1

n
)2 · V̂gap, j. (10)

Similarly, an analogous estimator of the average wage gain for advantaged workers in-
volves estimating Equation 5 in each of the strata, while the average wage loss for disad-
vantaged workers can be estimated with the use of the Oaxaca–Blinder decomposition in
Equation 6. These within-strata estimates are averaged to obtain:

τ̂gain =
J

∑
j=1

(
nj1

n1
) · τ̂gain, j and V̂gain =

J

∑
j=1

(
nj1

n1
)2 · V̂gain, j, (11)

τ̂loss =
J

∑
j=1

(
nj0

n0
) · τ̂loss, j and V̂loss =

J

∑
j=1

(
nj0

n0
)2 · V̂loss, j. (12)

These estimators require fewer functional form assumptions compared with the fully
parametric approach, and such a property might be important to ensure robustness in
the presence of nonlinearities in the existing wage structures (see, e.g., Barsky et al., 2002).
They can also provide a useful alternative outside the decomposition context, and can
be used to estimate the average treatment effect or the average treatment effect on the
treated. These estimators are tested in an empirical application in the next section together
with parametric Oaxaca–Blinder decompositions and normalized reweighting, which has
performed very well in a recent Monte Carlo study by Busso et al. (2014).
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3 An Empirical Application

In this section various versions of the Oaxaca–Blinder decomposition are compared in
an application to the UK gender wage gap. The source of data is the Quarterly Labour
Force Survey (LFS), 2002Q1–2010Q4 (Office for National Statistics, Various years). In this
application I append all the quarterly datasets and restrict the resulting sample in such a
way that yearly representative results, for each year from 2002 to 2010, can be produced.

I further restrict the 2002–2010 LFS dataset to those individuals who are at least 18
years old, have reported nonzero average gross hourly pay, and do not have missing in-
formation on any of the control variables specified below. The outcome variable is the log
hourly wage. The set of control variables includes polynomials in age, tenure, and poten-
tial experience as well as dummies for marital status (5 categories), ethnic origin (11 cate-
gories), country of residence (4 categories), occupation (9 categories), and public/private
sector. For current students, potential experience is coded as 0. For individuals with no
education, potential experience is coded as the number of years since the age of fifteen.

In all instances, the estimation is done using weighted least squares, with weights rec-
ommended for income data. In particular, I estimate β1 and β0 in Equation 4 by WLS, and
apply the results to construct estimates of unexplained components of various versions
of the Oaxaca–Blinder decomposition (Equations 7 and 8). Whenever I need to estimate
E[Xi | di = 1], E[Xi | di = 0], P[di = 1], or P[di = 0], I use (weighted) sample means.
Because β∗ in the Neumark (1988) and Fortin (2008) decompositions cannot be easily con-
structed from β1 and β0, I estimate it directly, again using weighted least squares.6

Table 1 presents descriptive statistics for outcome and selected control variables in all
the yearly samples and Table 2 presents estimates of unexplained components of various
versions of the Oaxaca–Blinder decomposition (including τ̂gap, τ̂gain, and τ̂loss) as well as
yearly measures of the raw wage gap. All these measures have generally been falling
between 2002 and 2010, and have reached their minimum values in 2010. For example,
the estimate of the raw wage gap has fallen from 23.06 to 16.86 log points, while τ̂gain and
τ̂loss have fallen from 19.97 to 15.69 and from 15.59 to 12.28 log points, respectively.

There are several other empirical regularities which are worth mentioning. The aver-
age wage gain for men is larger than the average wage loss for women in a very robust
way. This difference was as large as 3–5 log points in all years and always statistically

6All the applications of the Oaxaca–Blinder decomposition presented in this paper use the oaxaca com-
mand in Stata (Jann, 2008). The new version of the Oaxaca–Blinder decomposition in Proposition 1 is also
easily implementable using this command. If local macros prf and xvars contain the proportion of women
in the estimation sample and the list of control variables, respectively, then this decomposition can be ap-
plied as oaxaca lnwage ‘xvars’, by(female) weight(‘prf’). Note that the oaxaca command calculates
standard errors which account for the stochastic nature of sample means of control variables.

12



Figure 1: A Comparison of the Average Wage Gain for Men and the Average Wage Loss
for Women in the UK Labor Market
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significant at the 1% level.7 Such a phenomenon has already been documented in the
wage gap literature, but without a clear interpretation (see, e.g., Fortin et al., 2011). More
precisely, this empirical regularity was typically understood as an “indeterminacy” of
Oaxaca–Blinder decompositions. Such a claim is untenable, however, within the frame-
work of this paper, in which each of these parameters—τgain and τloss—has a different
interpretation. If τgain is significantly larger than τloss, then men gain typically more in
comparison with similar women than women lose in comparison with similar men. Be-
cause men are located, on average, higher in the wage distribution than women, such a
phenomenon means that conditional wage gaps tend to increase with wages. Indeed, the
coefficient estimates for a series of quantile regressions suggest that in most years wage
gaps at the top of the UK wage distribution (90th centile) were at least 3 log points larger
than at the bottom of this distribution (10th centile).8 Both time series of estimates (τ̂gain

7All the tests of statistical significance referred to in this section are based on bootstrap standard errors of
the estimated differences between the unexplained components of various versions of the Oaxaca–Blinder
decomposition (with 1,000 resamples).

8One can also suspect the existence of the so-called glass ceiling effect. However, the results of the
quantile regressions provide mixed evidence on the existence of a glass ceiling in the UK labor market.
Although wage gaps generally increase throughout the wage distribution, their acceleration in this distri-
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Figure 2: A Comparison of Unexplained Components of Various Versions of the Oaxaca–
Blinder Decomposition—in an Application to the UK Labor Market
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Reimers Cotton Neumark Fortin

and τ̂loss) are also plotted in Figure 1, together with 95% confidence intervals.
At the same time, the Reimers (1983) and Cotton (1988) estimates of the unexplained

component as well as the Oaxaca–Blinder estimates of τgap lie always (by construction) in
between the corresponding estimates of τgain and τloss. The Reimers (1983), Cotton (1988),
and τgap estimates are, however, not only bounded by τ̂gain and τ̂loss, but also exactly
equal (again by construction) to their weighted average, with weights equal to sample
proportions of men and women (τgap), reversed sample proportions of both groups (Cot-
ton, 1988), and 0.5 and 0.5 (Reimers, 1983). Moreover, the Neumark (1988) estimates of
the unexplained component are always significantly lower (again, at the 1% level) than
any other estimates (for a theoretical explanation, see Elder et al., 2010).

All of these time series of estimates, together with τ̂gain, τ̂loss, and Fortin (2008), are
also plotted in Figure 2. As evident in Figure 2, the differences between τ̂gap and the
Reimers (1983) and Cotton (1988) estimates are quantitatively quite small. Note, how-
ever, that this is an artifact of nearly equal sample proportions of men and women in

bution’s upper tail can rarely be regarded as “sharp”. See Arulampalam et al. (2007) for related evidence
on glass ceilings across EU countries as well as Chzhen and Mumford (2011) for a more recent study of the
United Kingdom.
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the LFS data. If these proportions were significantly different (e.g., when analyzing eth-
nic/racial wage gaps, or union wage premiums, or gender wage gaps within a predomi-
nantly male/female occupation), the estimates would tend to diverge.

Also, note that these differences, however small, are always statistically significant.
Further evidence on the differences between various Oaxaca–Blinder decompositions is
provided in Table 3 by presenting bootstrap standard errors (based on 1,000 resamples) of
the estimated differences between τ̂gap and other Oaxaca–Blinder estimators of the unex-
plained component, and testing the statistical significance of these differences. All these
differences are statistically significant at the 5% level in all years (and, in most cases, also
at the 1% level). We get the expected result that τ̂gap is always significantly smaller than
τ̂gain and larger than τ̂loss. Also, consistent with the evidence in Elder et al. (2010), τ̂gap

is always significantly larger than the unexplained component of the Neumark (1988)
decomposition, and this difference is quantitatively quite large (4–6 log points). Impor-
tantly, however, Table 3 reestablishes the empirical relevance of this paper’s claim that the
Reimers (1983), Cotton (1988), and Fortin (2008) decompositions might estimate weighted
averages of conditional wage gaps which are difficult to interpret. In all years these de-
compositions overstate the importance of τ̂loss (the effect on the smaller subpopulation) in
estimating average wage gaps, and consequently τ̂gap is always significantly larger than
the unexplained components of these decompositions (because τ̂gain > τ̂loss).9 In other
words, using the Reimers (1983), Cotton (1988), or Fortin (2008) decompositions would
negatively bias the estimate of the average wage gap in an application to the UK labor
market, although these biases can be quite small in the present application.

As a robustness check, Table 4 presents a comparison of various estimators of τgap,
τgain, and τloss, both parametric (Oaxaca–Blinder) and semiparametric (stratification and
Oaxaca–Blinder, normalized reweighting). Importantly, all the qualitative results on the
relationship between the average wage gain for men and the average wage loss for women

9At first, this might be seen as surprising, given the small differences between τ̂gap and selected other
estimates. Take the difference between τ̂gap (17.86 log points) and the Reimers (1983) estimate (17.78 log
points) in 2002 as an example. Both these parameters are estimated with an error of 0.56 log points, so
it is natural to expect that the difference of 0.08 log points between them is not statistically significant.
As shown in Table 3, however, this is not the case, since this difference is actually estimated with a very
small error of 0.02. Why is the initial intuition wrong? First, note that these estimates are (by construc-
tion) positively correlated over repeated samples. When τ̂gap is relatively large, the Reimers (1983) es-
timate is also likely to be large, but probably smaller than τ̂gap (since τ̂gain > τ̂loss). Second, note that
the null hypothesis of P[di = 1] · τgain + P[di = 0] · τloss =

1
2 · τgain +

1
2 · τloss can be equivalently written as

(P[di = 1]− 1
2 ) · (τgain − τloss) = 0. That the second factor (τgain − τloss) is significantly larger than zero is

evident from Figure 1. Using a one-proportion z-test and data in Table 1, the equality of P[di = 1] and 1
2 can

also be rejected (in favor of P[di = 1] > 1
2 ). Of course, a similar logic applies also to other tests of statistical

significance in Table 3.
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are confirmed. Also, the trends in the estimated wage gaps are very similar. This pattern
is consistent with the recent evidence in Ñopo (2008) who has concluded that the linearity
assumption is not particularly problematic when decomposing gender wage gaps.

4 Summary

In this paper I have argued for a decomposition framework in which current wages of
advantaged workers are compared with current wages of similar disadvantaged workers
(and vice versa), and not with an hypothesized “nondiscriminatory” wage structure. To
provide a tool for such comparisons, I have derived an alternative solution to the com-
parison group choice problem which is fundamental in Oaxaca–Blinder, while this new
decomposition can be used to estimate the average wage gap and the average treatment
effect. I have also pointed out that several other versions of the Oaxaca–Blinder decom-
position (Reimers, 1983; Cotton, 1988; Fortin, 2008) can produce misleading results in em-
pirical applications, since each of them is likely to overstate the importance of the smaller
of the subpopulations (e.g., men and women, treated and controls, union and nonunion
workers) when estimating various averages of conditional wage gaps or treatment effects.

This approach has also been illustrated empirically in an application to UK gender
wage gaps. Using data from the Quarterly Labour Force Survey (LFS) I have estimated
the average wage gap, the average wage gain for men, and the average wage loss for
women for the UK working population, for each year from 2002 to 2010. The major em-
pirical finding of this study is that men gain typically more in comparison with similar
women than women lose in comparison with similar men (τgain is larger than τloss). This
phenomenon is explained by the fact that conditional wage gaps tend to increase with
wages and this is indeed the case in the UK labor market.

Future work might involve establishing formal conditions under which causal effects
of gender and other immutable characteristics can be identified and estimated (for recent
discussions, see Kunze, 2008, Greiner and Rubin, 2011, and Huber, 2014) and, as already
suggested by Fortin et al. (2011), improving the economic structure behind decomposition
methods. It is also essential to understand the links between the decomposition methods
and the treatment effects framework. Following an important review in Fortin et al. (2011),
this paper has attempted to take this ongoing discussion one step further by providing a
new (Oaxaca–Blinder) model for the average wage gap which—under a particular causal
framework—corresponds to the average treatment effect.
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