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ABSTRACT
Revisiting Inter-Industry Wage Differentials and
the Gender Wage Gap: An Identification Problem*
We propose a measure of the industrial gender wage gap which is free from an identification
problem by using inter-industry wage differentials, or industrial wage premia. We draw on a
recent literature showing that a normalized regression equation can be used to resolve the
identification problem in detailed Oaxaca decompositions of wage differentials. By identifying
the constant and the coefficients of dummy variables, including the reference category, the
normalized equation can resolve the two key identification problems that arise in studying
wage gaps: one in detailed Oaxaca decompositions; the other measuring industrial gender
wage gaps.
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I. Introduction
Fields and Wolff (1995) study whether there might be correlation between inter-industry
wage differentials and the gender wage gap. Inter-industry wage differentials are defined as the
deviations from the (weighted) mean of coefficients of industry dummy variables, following Krueger
and Summers (1988). Fields and Wolff (1995) define a gender wage gap in industry j intuitively
as differences between men and women in intercept terms and coefficients of dummy variables for
industry j.
Horrace and Oaxaca (2001) point out that there is an identification problem since the
definition of the gender wage gap by Fields and Wolff (1995) is not invariant to the choice of
reference groups for other sets of dummy variables. This is because “intercept terms capture not
only the omitted industry but also the omitted category for any other binary variables in the
specification” (Horrace and Oaxaca, 2001, p. 612). To fix the identification problem, Horrace and
Oaxaca (2001) modify the definition of the gender wage gap in industry j by adding wage
differentials due to differences in coefficients of other than industry dummy variables.1 Though the
modified wage gap resolves the identification problem, it does not capture what is usually thought
of as the gender wage gap in industry j, since it includes wage differences due to differences in the
coefficients of other variables. Hence, it does not isolate the wage gap due solely to the coefficients
of industry j, which is what Fields and Wolff (1995) measure.
To derive a new measure of the gender wage gap in industry j, we take one step back and

1

They also suggest another definition of the gender gap based on an order statistic where wage gaps
are expressed as a percentage of the largest wage gap. This ranking of wage gaps is further
developed in Horrace (2005). We do not discuss this order statistic in detail because the issue is
automatically resolved once we are able to compute an industrial gender wage gap which does not
suffer from an identification problem.
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re-establish the relationship between inter-industry wage differentials and the gender wage gap
which motivated Fields and Wolff (1995). We show that the inter-industry wage differentials, or
industrial wage premia, are actually coefficients in the normalized regression equation which
identifies the intercept and all coefficients of the dummy variables including the reference category.
Therefore, the gender gap due to differences in industry wage premia only can be calculated by the
differences in the coefficients of industry dummy variables in the normalized equation. It is
interesting to see that the normalized regression, a solution to the identification problem in the
detailed Oaxaca decomposition, also provides a way to calculate the gender wage gap in each
industry which is free from the identification problem.

II. Calculating Industrial Gender Wage Gap Using a Normalized Equation
We examine the following regression model containing dummy variables for industry (d’s).

,

(1)

where there are two sets of categorical variables (d’s and q’s) and L continuous variables (z’s); the
first and second sets of dummy variables (d’s and q’s) have J and K categories and J - 1 and K - 1
dummy variables in the equation, respectively, and a group subscript, g = A or B; without loss of
generality, the reference group is the first category for each set of dummy variables. We refer to
equation (1) as the usual regression equation.
Fields and Wolff (1995) define the (average) gender wage gap in industry j as
,
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where A and B are female and male. The differences in the intercept terms are the wage gap for the
reference group. If the differences in the intercept terms are dropped, then the wage gap in the
reference industry is zero, since

. This definition of the industry gender wage gap has

the nice property that even if the reference group for the industry dummy variables change, the wage
gap in industry j does not change; hence, the ranking of the wage gap of each industry is not
changed.
Horrace and Oaxaca (2001) point out that industry gender wage gap of Fields and Wolff
(1995) has a serious identification problem, that is, if the reference group of the other set of dummy
variables (q’s) changes, then the wage gap in industry j is not invariant. This can be easily shown
by changing the reference group from category 1 to category K for the other set of dummy variables
(q’s). Then the wage gap in industry j is changed to

. This is

related to a symptom of the well-known identification problem in detailed decomposition analysis,
that the differences in the intercept terms are not invariant to the choice of reference group (Oaxaca
and Ransom, 1999).
To obtain invariant estimates of gender wage gaps by industry, Horrace and Oaxaca (2001)
suggest modifying the definition of the wage gap in industry j to
,

where the mean values of
2

and

are measured using the whole sample.2

The first measure of gender wage gap in industry j by Horrace and Oaxaca (2001) is
,

where the mean values of

and

are measured using samples in industry j. Though this

modification resolves the identification problem, it may cause the ranking of wage gaps by industry
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This measure is obviously invariant.3 A shortcoming of this modification is that it does not
provide the wage gap due to the industrial wage premium only, that is, the wage gap when the
returns to characteristics are identical except for the industrial wage premium by gender. Hence,
Horrace and Oaxaca (2001) provide an invariant measure, but what they measure is not exactly what
Fields and Wolff (1995) try to measure, the industrial gender wage gap due to the industrial wage
premium only. We propose a measure of the industrial gender wage gap which resolves the
identification problem while measuring what Fields and Wolff (1995) want to measure.
The proposed gender wage gap is closely related to solving the identification problem in the
detailed Oaxaca decomposition for wage differentials. It has been recently recognized that a
normalized equation can resolve the identification problem in the detailed Oaxaca decomposition
of wage differentials. This paper shows that the normalized equation also provides a foundation for
measuring an invariant industrial gender wage gap.

We first present an overview of the

identification problem in the detailed Oaxaca decomposition of wage differentials and how
normalized regression can resolve this problem. Then, we utilize the coefficients of industry dummy
variables in the normalized regression equation, that is, inter-industry wage differentials, to calculate
the industrial gender wage gap.
to change. Therefore, they suggest further modification by replacing mean characteristics of
observations in the industry j with overall mean characteristics, i.e., replacing
and
with
and
3

, respectively, which leads to

.

Suppose that the reference group for q’s is changed from category 1 to category K. Then the

is changed as follows;
.
It is easy to show that
, where g = A or B.

since

, and
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It is well-known that the detailed Oaxaca decomposition of wage differentials is not invariant
to the choice of reference group when sets of dummy variables are used (Oaxaca and Ransom,
1999). That is, if we use dummy variable(s), then the sum of the detailed coefficients effects
attributed to dummy variables is not invariant to the choice of the omitted group(s).4 Since the
“identification problem in the decomposition equation is a disguised identification problem of the
constant and dummy variables in a regression equation” (Yun, 2005, p. 766), we need to construct
a normalized equation which can identify the intercept and coefficients of all dummy variables
including the reference category.
The proto-type normalized regression corresponding to the usual equation (1) looks like
.

Once consistent estimates of the usual equation are obtained, we follow the approach by Suits (1984)
when transforming these estimates by imposing restrictions

the coefficients of normalized equation are further specified as

then the solution for constraints are

.5 When

and

and

and

,

, where

4

Oaxaca decomposition explains wage differentials in terms of differences in individual
characteristics (characteristics effect) and differences in the regression coefficients of wage
equations (coefficients effect).
5

Since the publication of Suits (1984), there have been several additional approaches for deriving
the normalized equation, e.g., Greene and Seaks (1991), Gardeazaba and Ugidos (2004), and Yun
(2005). See Yun (2005) for details of each method.
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.6 Then the normalized equation is:
.

(1')

Using the normalized equation (1'), we can easily calculate an industrial gender wage gap
which can satisfy both Fields and Wolff’s (1995) intention of measuring the gender wage gap when
returns to other factors are identical between the two comparison groups, and Horrace and Oaxaca’s
(2001) concern on the identification problem. We propose a measure of the gender wage gap in
industry j, which is a modified measure of Fields and Wolff using the coefficients of industry
dummy variables in the normalized equation, i.e., inter-industry wage differentials, as follows;
.7

Note that all three measures of industrial wage gender gap,

ranking. Both

,

and

, have the same

are invariant to the choice of reference group of q’s, but

and

the effect of variables and their coefficients other than industry variable j. Therefore,

includes

is the

measure which is not only free from the identification problem but also capturing what Fields and

6

This paper assumes the simple average of the coefficients of the dummy variables is used to derive
the normalized equation. Though it is easy to derive a normalized equation using the average of the
dummy variables’ coefficients weighted by the share of each group as Fields and Wolff (1995) do,
it has the implication that the sum of the product of the dummy variables and their coefficients
should be zero, which is not attractive for the Oaxaca decomposition (Yun, 2005).
7

Standard errors of

,

and

can be calculated using the covariance matrix from the usual

regression. It is trivial to compute the standard error of

once asymptotic covariance matrix of

estimates of the normalized equation is computed. See Appendix for computation of the asymptotic
covariance matrix of estimates of the normalized equation.

7
Wolff (1995) intend to measure, the impact of differences in wage premium in industry j. Using the
normalized equation, we can resolve not only the identification problem of the detailed Oaxaca
decompositions of wage differentials, but also the identification problem of measuring industrial
wage gaps.

III. Conclusion
We have shown that the identification problem raised by Horrace and Oaxaca (2001) for the
measure of industrial gender wage gap by Fields and Wolff (1995) can be resolved by using a
normalized regression equation. Though the remedy by Horrace and Oaxaca (2001) is invariant, it
does not accomplish what Fields and Wolff (1995) set out to measure, differences in industrial wage
premia (inter-industry wage differentials). The measure of industrial gender wage gaps suggested
in this paper using the normalized regression equation provides an invariant measure while capturing
what Fields and Wolff (1995) intended. This remedy becomes natural and obvious when we realize
that inter-industry wage differentials are one of the building blocks of a normalized regression
equation devised to resolve the identification problem.
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Appendix: Calculation of Asymptotic Variance of Estimates of the Normalized Equation
while suppressing a group subscript.8

A matrix representation of equation (1) is,
Y is the vector of the dependent variable (
, and
and

);

, where

; X, D, Q and Z are, respectively,

matrices where

,
,

,

, and D and Q are matrices of two sets of

dummy variables, and Z is a matrix of continuous variables; 1 is a vector of ones (
is a coefficient vector (

), where

,

);
, and

.
In order to obtain the normalized equation (1') it is useful to rewrite the equation as
, where

and

regression equation,
that is,
where

, is obtained by transforming

, which yields (

) vector of

. The normalized
to

using a weight matrix, W,
,

. The weight matrix W is defined as

,

8

The derivation of the normalized regression equation is developed by extending a method
employed by Haisken-DeNew and Schmidt (1997).
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where

, and 0, 1, and I are a matrix of zeros, a matrix of ones and an

identity matrix.9
The covariance matrix of estimates of the normalized regression equation (
as

where the covariance matrix for

to the covariance matrix of

(

) is computed

) can be obtained by adding zero vectors

as

.

Once asymptotic covariance matrix for the estimates in the normalized equation is computed, then
it is a trivial task to calculate the asymptotic variance of

, that is,

.

9

A normalized regression with weighted average of coefficients of dummy variables can be easily
obtained by changing the weight matrix, W. Define
and
be vectors of shares of dummy variables, D and Q. In order to find a weight matrix for obtaining
a normalized regression with weighted averages, replace
and
with
and
, and replace
and

, respectively.

matrices, respectively.

with

and
and

when
, which are

and

