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Abstract-Using a decompo~ition metbodolo&Y developed by Neum•k md 1987 CPS 
data to investigate the regional differenc:ea in labor market discrimination in the United 
States, we find thal there are minor regional differences in the wage gap between males 
IIIIi females md between blacks IIIIi whiles. However, we fmd thal there ia l•ge regional 
v.-iation in the components of the wage gap thal il due to labor market dilaiminl1ion. 
We find thal the regions with the l•geat wage gaps are not necessarily the regions with 
the wgest labor m•ket discrimirlllion. 

I. INTRODUCTION 

This paper uses a decomposition analysis developed by Neumarlc. (1988) and 

1987 CPS data to investigate whether there are significant regional differences in 

labor marlc.et discrimination in the United States. Regional differences in male­

female (black-white) wage differentials could be due to regional differences in the 

male-female (white-black) gap in the endowments of productivity characteristics 

or due to regional differences in the male-female (blacks and whites) returns gap 
for these characteristics. 1be source of regional differences in male-female 
(black-white) wage differential can be established by decomposing the wage dif­

ferential in each region into two components: (1) differences in characteristics 

across regions and (2) differences in returns to characteristics across regions. We 

analyze the wage differentials for males and females and blacks and whites for 

four geographic regions of the United States: Nonheast, Midwest, South, and 
West. In addition, we also conduct the analysis for the nine U.S. Census 
Divisions-New England, Middle Atlantic, East North Central, West North 
Central, East South Central, West South Central, South Atlantic, Mountain, and 

Pacific-for the male-female wage differential. 

In recent years, numerous studies have examined the persistence of the wage 

gap between males and females and blacks and whites. A number of authors at­
tribute a large part of the differential to discrimination (Cotton 1988; Neumark 
1988; Boston 1988; Reimers 1983; Blinder 1973; Oaxaca 1973; Gyimah-Brem­
pong, Fichtenbaum, and Willis 1992). In contrast, a significant number of studies 
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conclude that differences in measurable characteristics explain essentially all of 

the variation in wages between males and females and between blacks and whites 
(O'Nei11990; Paglin and Rufolo 1990; Filer 1985; Butler 1982; Kamalich and 
Polachek 1982). Investigating regional differences in wage differentials and their 

sources would be another way of shedding some light on the debate. If it is found 

that a large part of the regional differences in the wage gap is due to regional dif­

ferences in the endowment gap, that would tend to support the human capital 

hypothesis. On the other hand, a fmding that a large part of the regional differen­

ces in the wage gap is due to differences in returns will tend to support those who 

argue that a large part of the wage gap is attributable to discrimination. 

O'Neil (1990) argues that one of the major reasons for the narrowing of the 

black-white wage gap between 1940 and 1960 was the migration of blacks from 

the South to the North. This argument implies regional differences in the black­

white wage gap. For policy purposes, it is important to know the sources of these 

regional differences in the wage differential: Are they due to regional differences 

in the human capital gap or to differences in labor market discrimination? 
Kamalich and Polacheck (1982), using reverse regression methodology, find no 

discrimination against blacks (females) in the United States. They also indicated 

that there is no regional variation in "non-discrimination" in the labor market, al­

though they did not report any of their calculations for the regions. 

Many of the studies cited above include regional dummy variables in their 

wage equations to account for differences in wage structures among regions. 

However, this implicitly assumes that returns to characteristics, and hence dis­

crimination, are uniform in all regions of the country. In the cases of both male­

female and black-white wage differentials, this assumption may be unwarranted. 

Recent U.S. history points to substantial differences in attitudes toward racial and 
gender discrimination among the regions. If there are regional differences in 

returns to characteristics, then previous estimates of discrimination that have used 
aggregate data over wide geographical areas may be biased toward finding no 

wage discrimination. Low and Villegas (1987) have argued that unless males and 

females (blacks and whites) are employed at the same level, the estimate of labor 

market discrimination would be biased downward even if the marginal produc­

tivities of both groups are the same. Given that there are different regional labor 
marlcets with different male/female (white/black) employment ratios in the United 
States, an estimate of labor market discrimination using aggregate U.S. data 

would be biased downward. 
Accounting for regional differences in labor market research is particularly 

important when studying changes in labor market discrimination over time be­
cause what appear to be changes in returns to characteristics over time can, in 

fact, be due to shifts in population from one region to another (Reich 1988). 
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Similarly, it is also possible that significant changes in wage differentials in 

regions are obscured by population shifts. It is important to disaggregate by 
region in order to reduce this potential bias. From a policy point of view, regional 

differences in labor market discrimination could provide inputs into the formula­

tion of policies to reduce labor market discrimination at the national level. 

For the most part, previous studies rely on a decomposition approach 
popularized by Oaxaca (1973) and Blinder (1973) (hereafter Oaxaca decomposi­
tion). However, this approach will over- or underestimate labor market dis­
crimination depending upon whether the researcher uses the lower or the higher 

wage as the reference wage in the decomposition analysis. Thus, in estimating 

regional differences in returns to characteristics, one should use a discrimination 

free wage structure as the basis for decomposition. We therefore use Neumark's 
(1988) decomposition analysis, which is based on a discrimination-free wage 

structure, in this study. 
The use of decomposition analysis to measure labor market discrimination 

has been criticized by some researchers. One line of criticism is that the variables 

used to proxy productivity characteristics mismeasure true productivity charac­

teristics such as motivation and the quality of education (Kamalich and Polacheck 

1982; Paglin and Rufolo 1990). Paglin and Rufolo ( 1990), for example, argue that 

once you control for differences in the scientific and mathematical aptitudes be­
tween males and females, the gender wage gap completely disappears. They 
therefore caution that studies that do not control for college majors may overes­
timate labor market discrimination and underestimate the effects of human capi­

tal. However, a recent study by Haberfeld and Shenhav (1990), which controls for 
college degree and discipline of study, shows not only a persistence of race and 

sex discrimination among scientific workers, but a worsening of discrimination in 
the 1980s. 

Our study uses CPS data, which do not provide information about the quality 
of education. However, to the extent that the quality and type of education in­

fluences occupational choices, occupation can be seen as a proxy for quality and 

type of education. Therefore, in defming human capital, we include occupations 

· in the vector of variables that represent human capital. To the extent that occupa­
tional choices may be influenced by discrimination either in the educational 

process (blacks generally tend to go to low-quality schools) or in the hiring 
process (women are channeled into certain occupations), the inclusion of occupa­
tional variables as proxies for the quality of human capital will underestimate the 

true degree of discrimination. It is also possible that occupations do not capture 

the "quality" of education and other factors (e.g., motivation) that affect differen­
ces in worker productivity, hence differences in wages. In that case, decomposi­

tion analysis will overestimate labor market discrimination. This may be 
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especially true in this study where the two-digit occupational classification we use 
· may not be detailed enough to capture differences in the "quality" of education 
among workers within an occupational classification. The inability to accurately 
measure all productivity determining factors is a weakness of decomposition 
analysis, including this study. 

1be rest of this paper is organized as follows: Section II, following this intro­
duction, introduces the decomposition methodology. Section III discusses the data 
used in this paper, while Section IV discusses the results of the decomposition 
analysis. Section V provides summary and conclusions. 

ll. MODEL OF DECOMPOSITION 

Oaxaca's decomposition analysis explains the male-female (black-white) 
wage differential in terms of objective explanatory characteristics (endowments) 
and treatment effects (discrimination). It starts with an equation explaining the 
wage rate for each gender (race). Such an equation is given as: 

(1) 

where W is the wage rate, X' is a vector of variables reflecting productivity and 
personal characteristics as well as labor market structure, ej is a stochastic error 
term, and ~ is a vector of coefficients to be estimated. In the absence of wage dis­
crimination in a competitive labor market, the wage differential between the sexes 
(races) is mainly due to differences in these characteristics if one controls for 
productivity and taste for work. 

As in such analysis, the difference of log means of the wages of males and 
females (whites and blacks) is written as: 

(2a) 

(2b) 

where wm, wf, xm, X f, are the means of male wage (white wage), female 
wage (black wage), and means of male (white) and female (black) endowments of 
wage explanatory variables, while ~m and rY are the coefficient estimates for male 
(white) and female (black) wage equations, respectively. The first expression on 
the right-hand side of (2a) and (2b) is the part of the male-female (white-black) 
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wage differential due to differences in productivity characteristics, and the second 
expression on the right-hand side of (2) is the part of the differential due to dif­
ferences in wage structures between males (whites) and females (blacks). This ex­

pression is the measure of wage discrimination. As in all decomposition analyses, 
this measure of discrimination assumes that systematic variation in wages that 
carmot be explained by the regression equation is due to discrimination. Of 
course, there could be other explanations for the existence of the wage differen­

tials (e.g., differences in motivation. compensating differential, and efficiency 
wages, among other explanations). 

Whether a researcher uses (2a) or (2b) as the relevant equation depends 
upon the assumption made about the nature of discrimination. (2a) implies that 
the wage structure that applies to males (whites) also apply to females (blacks) in 
the absence of discrimination, and (2b) implies that the female (black) wage ap­
plies to males (white) in the absence of discrimination. In general, the measure of 
wage discrimination in the labor market differs, depending upon whether one uses 
(2a) or (2b). 

In the absence of wage discrimination, given the supplies of labor of each 
kind, the non-discrimination wage would neither be W" nor ~ Suppose males 
(whites) are in higher demand because of discrimination and hence command 
premium wages, while females (blacks) are in low demand and hence receive low 
wages. Elimination of discrimination increases the demand for female (black) 
labor while it decreases the demand for male (white) labor, all things being equal. 
In a competitive labor market, these changes will continue until the male (white) 

- . 
and female (black) wage structures converge at X ~ . The new equilibrium dis-
crimination-free wage should, therefore, be lower than the male (white) wage but 
higher than the female (black) wage. For a given vector of characteristics, this im­
plies that: w"' ~ w* ~ w' where w· = X'~· is the discrimination-free wage and 
~·is a vector of coefficients of the discrimination-free wage structure. This dis­
crimination-free wage forms the basis of the alternative decomposition analysis 
used in this paper. Wage differentials between males (whites) and females 
(blacks) with the same characteristics could result from males (whites) being paid 

more than the equilibrium wage by X'(~m- ~\ females (blacks) being underpaid 
the equilibrium wage by an amount equal to X'(~·- r/). or both.1 

The foregoing arguments imply that the male-female (white-black) wage dif­
ferential can be decomposed into a characteristic effect, a male (white) treatment 
effect, and a female (black) treatment effect Formally: 
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1be first tenn on the right-hand side is the characteristics effect-the wage dif­
ferential due to differences in productivity, personal, or structural characteristics­
and the second and third expressions are the male (white) treatment advantage and 
female (black) treatment disadvantage, respectively. The sum of the second and 
third expressions on the right-hand side constitute the measure of wage dis­

crimination. 
1be problem with the decomposition Equation in (3) is that~· is generally 

not known. However, Neumark (1988) and Cotton (1988) have shown that if it is 

assumed that the elimination of discrimination does not change the supplies of 

labor of either sex, then: w• = s,.'W" + sr' = X' (s,.~"'+ s1 ~f), where s,. and 
s1 are the male (white) and female (black) shares in the labor force.2 The dis­
crimination-free wage strucwre is therefore a weighted average of the male 
(white) and female (black) wage structures. The discrimination-free wage varies 

with the sexual (racial) composition of the labor force, while w"' or wf used in 

the Oaxaca decomposition is invariant with the sexual (racial) composition. Em­

pirically ~· can be calculated as the weighted average of ~"' and r/. that is: ~· = 
s,.~"' + s1~f (Cotton 1988). Alternatively, ~· can be obtained by estimating the 
wage with pooled male and female data. Neumark (1988) has shown that these 
two approaches provide equivalent estimates of~? We use the latter approach in 
our decomposition analysis below. 

ill. DATA 

The data for this study come from the Current Population Survey (CPS) 
1987, March Supplement. The CPS data provides infonnation on wage, educa­
tion, location, and personal characteristics. In addition, it provides infonnation on 

occupation and industry of workers. The variables used to estimate the wage 
equation are derived from the standard human capital model of wage detennina­

tion. The variables in the X vector are as follows: 
EDUCATION: ffiGHSCHOOL, 1YRCOL-6+YRCOL: This was measured 
as dummy variables for high school graduation and each of the number (1 - 6 or 
more) years of college education. The base for comparison is non-graduation 
from high school. 
EXP, EXP2: years of potential work experience measured as age - years of 
school- 6. 
EXP2 is the square of this variable.4 

PARTTIME: Dummy variable that equals 1 if the worker worked less than 35 
hours per week in the sample period, zero otherwise. 
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P ARTYEAR: Dummy variable that equals 1 if the worker worked only part of 
the year regardless of whether he/she worked part time or full time, zero other­
wise. 

DIVISION (REGION): Dummy variables for U.S. Census Divisions of Middle 
Atlantic, East North Central, West North Central, South Atlantic, East South 

Central, West South Central, Mountain, and Pacific, with New England as the ref­

erence region (Midwest, South, and West, with Northeast as the reference region). 

EMPLOYl, EMPLOY3: Dummy variables for whether worker changed 
employers once, twice, or more during the year, respectively. 1bese are proxy 
variables intended to capture the impact of firm-specific training on the earning 
profiles of workers. 
BLACK: Dummy variable equal to 1 if worker is black, zero otherwise. 
MARl - MARS: Dummy variables for separated, divorced, widowed, never 

married, with married as the reference group. 
CHILDREN: Number of unmarried children under 18 years who live at home. 

INDUSTRY: Dummy variables for U.S. Census two-digit industrial classifica­
tion. 
OCCUPATION: Dummy variables for U.S. Census two-digit occupational clas­
sifications. 

LAMBDA: Sample selectivity bias variable. This variable is included to account 
for the possibility that individuals in our sample are not randomly selected from 

the general adult population since the sample consists of only those employed. 
1\ 1\ 

Lambda is calculated (using Heckman's approach) as: (J (Y, W;) /«1> (Y, W; ), 

where (J (.) is the predicted probability of employment obtained from the probit 
regression and Cl»(.)is the cumulative probability of employment from probit func­
tion.5 
UR: Unemployment rate in the worker's state of residence. This variable is in-

tended to control for labor demand conditions. 

CITYl, CITY2, CITY3: Dummy variables if the worker resided in an MSA of 

less than 500,000 people, between 500,000 and 2,500,000, and 2,500,000 people 

or greater, respectively, zero otherwise. Non-metropolitan area is the base for 
comparison. This variable is intended to control for possible wage differentials 
between rural and urban areas as well as among different sized urban areas. 

The variables contained in the X vector have been extensively used by earlier 
researchers (Cotton 1988; Neumark 1988; Riemers 1983; Gyimah-Brempong, 
Fichtenbaum, and Willis 1992; Paglin and Rufolo 1990), hence we do not spend 
time and space to justify their use. Our measure of education differs from the 

usual manner in which this variable is measured-years of schooling completed. It 
is possible that there are discontinuities in returns to education that cannot be cap­
tured by the traditional way of measuring education. For example, Gyimah-Brem-
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pong, Fichtenbaum, and Willis ( 1992) find that there is a sharp jump in the returns 

to education at four years of college education. We therefore measure education 
in the dummy variable form in order to allow for discontinuities in the returns to 

education. 

Only tlx>se reporting earnings are included in the sample. This could intro­

duce sample selectivity bias to our results. To overcome this, we estimated probit 
equations for the entire sample, as well as various subsets of the sample, to calcu­

late the probability of having earnings. These estimates were then used to calcu­
late the Mill's inverse (Lambda) ratio, which was included in each wage equation 

to correct for selection bias (Heckman 1979).6 The sample used to estimate the 

wage equations consisted of civilian workers between the ages of 16 and 64 who 
earned at least $1 or at most $99 per hour in wages in either full-time or part-time 
work. Hourly wages were calculated by dividing annual earnings by weeks 

worked and hours per week. Data with missing observations were dropped from 

the sample, leaving a total of 67,787 observations, of which 32,599 were white 

males, 2,950 black males, 28,814 white females, and 3,536 black females. 
Geographically, the sample was distributed as follows: New England: 6,284; Mid­

dle Atlantic: 10,104; East North Central: 17,174; West North Central: 6,056; 
South Atlantic: 11,865; East South Central: 3,165; West South Central: 5,861; 

Mountain: 6,123; and Pacific: 7,992. 
Approximately 86 percent of white males finished high school, and 27 per­

cent attended college for at least four years. Among white females, 91 percent 
finished high school, and 23 percent attended college for at least four years. In 
contrast, only 77 percent of black males completed high school, and 14 percent at­
tended college for at least four years. Among black females, 84 percent graduated 
from high school, which is higher than the figure for their male counterparts, al­

though it is considerably lower than their white female counterparts. Finally, only 

about 15 percent of black females attended at least four years of college. Whites 

were more likely to have had multiple employers, with 17.3 percent and 16.9 per­

cent of males and females having two or more employers in the previous year, 
respectively. In contrast, among black males and black females, only 12.8 percent 
and 12.1 percent, respectively, had two or more employers in the previous year. 
White females were most likely to work part time (29 percent), followed by black 

females at 21 percent, black males at 11 percent, and white males at 9 percent. 
Another major difference in employment characteristics is that 25 percent of 
white males worked only part of the year compared to 31 percent for black males, 

35 percent for black females, and 36 percent for white females. 
There were small differences between black and white males with respect to 

industry of employment. However, there were considerable differences in the oc­
cupational composition of the two groups. For example, 15 percent of white males 
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were in professional or technical occupations, which tend to be high paying, and 7 
percent were employed as handlers, equipment cleaners, helpers, and laborers. In 

contrast, only 8 percent of black males were employed in professional and techni­
cal occupations, and 12 percent were handlers, equipment cleaners, helpers, and 

laborers. There were significant differences between males and females both in 
industry of employment and occupation. Women were generally in the lower 
paying industries and occupations. For example, 24 percent of males in the 

sample worked in manufacturing, and approximately 12 percent worked in profes­
sional services. In comparison, only 14 percent of women in the sample worked in 
manufacturing, and more than 32 percent worked in professional services. Among 
white women, 18 percent were employed in the professional and technical oc­
cupations, 30 percent in administrative support, and 15 percent in service occupa­
tions (excluding protective and household services). In contrast, only 12 percent 
of black women were employed in professional and technical occupations, 27 per­
cent in administrative support, and 23 percent in service occupations (excluding 
protective and household service). 

Finally, there was a major difference between blacks and whites in 
geographic location. More than 57 percent of blacks in the sample were located in 
the South, and only 9 percent were located in the West In contrast, only 28 per­
cent of whites were located in the South, and 22 percent were located in the West. 
Therefore, blacks from the South may be overrepresented in the sample. 

IV. RESULTS 

Coefficient estimates for the U.S. sample are presented in Table 1.7 

Column 2 presents estimates for white males, column 3 presents the estimates for 
black males, column 4 presents the estimates for white females, column 5 presents 
the estimates for black females. Column 6 presents the estimates for the entire 
sample. Regression statistics indicate a good fit for the wage equations for cross­
sectional data. The coefficient estimates are of the expected signs and, except in 
very few cases, are significantly different from zero at conventional significant 
levels. An interesting result is that while the unemployment rate has a negative 
impact on the wage rates of blacks and white females, it has no significant effect 
on the wage rate of white males. 

All the traditional human capital variables-education and work experience­
have positive and significant coefficients in all the wage equations as expected. In 
all estimated wage equations, the returns to education increase with the level of 
education, with a sharp discontinuity occurring at four years of college education. 
This seems to justify our measurement of education in dummy variables form. 
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TABLE 1 
Coefficient Estimates of Wage Equation: National Samples 

Male Female 

Variable White Black White Black Total 

CONSTANT 1.2578 1.4789 1.1105 1.6389 1.4502 
(27.962t (10.113) (9.635) (5.019) (39.078) 

EDUCATION: 
lllGHSCHOOL .2455 .1348 .1802 .0642 .1523 

(17.974) (3.350) (4.004) (1.070) (12.374) 
1YRCOL .3057 .2114 .2619 .1248 .2211 

(16.384) (3.302) (4.755) (1.519) (13.402) 
2YRCOL .3471 .2310 .3~ .0588 .2521 

(19.467) (4.061) (5.117) (0.591) (14.994) 
3YRCOL .3561 .2237 .3523 .0793 .2830 

(15.666) (3.074) (5.866) (0.743) (14.576) 
4YRCOL .5216 .3104 .4163 .2485 .3967 

(27.181) (4.453) (6.646) (2.088) (21.922) 
5YRCOL .4999 .3990 .5083 .3144 .4237 

(18.101) (3.734) (6.971) (2.328) (17.714) 
6+YRCOL .6598 .5128 .5884 .4127 .5276 

(29.819) (5.709) (7.752) (3.129) (25 .000) 
EXP .0303 .0337 .0214 .0105 .0203 

(18.369) (6.222) (9.109) (1.784) (18.737) 
EXP2 -.0005 -.0006 -.0004 -.0001 -.0003 

(10.216) (4.611) (5.628) (0.322) (8.715) 
MAR2 -.0482 -.1645 .0432 -.0145 -.0419 

(0.866) (1.353) (1.427) (0.245) (1.972) 
MAR3 -.1054 -.0713 .0633 -.0716 -.0505 

(6.124) (1.506) (1.879) (0.562) (4.895) 
MAR4 -.0815 -.1157 -.0597 -0.0322 -.0843 

(2.834) (1.894) (2.117) (0.731) (4.924) 
MARS -.2265 -.1879 -.0076 0.0138 -.1252 

(13.211) (2.905) (0.272) (0.415) (15.123) 
EMPLOY2 -.1568 -.2417 -.1213 .0117 -.1301 

(13.574) (6.235) (9.211) (0.353) (15.683) 
EMPLOY3 -.1424 .0092 -.1404 -.1625 -.12368 

(7.838) (0.156) (6.128) (2.733) (9.057) 
ClllLDREN .0047 -.0065 -.0274 -.0009 -.0042 

(1.237) (0.611) (5.762) (0.093) (1.534) 
PARmME -.0985 -.0185 -.0672 -.0104 -.0943 

(6.946) (0.492) (6.377) (0.397) (12.236) 
PARTYEAR -.0539 -.0765 -.1045 -.0912 -.0940 

(5.558) (2.842) (10.562) (4.100) (14.565) 
UR .0029 -.0138 -.0032 -.0106 .0046 

(1.341) (1.923) (0.836) (1.464) (2.759) 
CITY1 .0898 .1767 .0649 .0341 .0783 

(7.652) (4.189) (4.794) (0.945) (9.206) 
CITY2 .1439 .2042 .1047 .1047 .1357 

(14.051) (5.866) (10.274) (3.438) (18.305) 
CITY3 .2539 .3286 .2384 .3016 .0861 

(25.530) (10.288) (15.244) (9.524) (35.114) 
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TABLE 1 (Continued) 

Male Female 

Variable White Black White Black Total 

REGION2 -.0754 -.0139 -.1036 -.1130 
(6.418) (0.34) (5.231) (3.286) 

REGION3 -.1136 -.1663 -.1240 -.2696 
(9.919) (4.427) (6.218) (8.006) 

REGION4 -.0295 .0222 -.0501 -.0787 
(2.427) (0.457) (2.825) (1.918) 

DIV2 -.- -.- -.- -.- .0730 
(5.869) 

DIV3 -.- -.- .0035 
(0.240) 

DIV4 -.- -.1491 
(11.188) 

DIV5 -.0677 
(5.692) 

DIV6 -.1657 
(8.488) 

DIV7 -.- -.1082 
(6.056) 

DIV8 -.- -.- -.- -.0989 
(6.456) 

DIV9 .0723 
(5.059) 

FEMALE -.1976 
(12.950) 

BLACK -.- -.0106 
(1.054) 

LAMBDA .1170 .0811 .1343 -.4744 -.2398 
(1.339) (0.360) (0.895) (2.584) (4.635) 

DEPENDENT V AR: 
1nWGHR 2.1921 1.9613 1.7999 1.7535 1.9926 

N 32,507 2,939 28,805 3,535 67,786 

ii2 .3208 .3196 .2086 .3199 .3001 

F 320.817 29.756 159.179 34.573 594.228 

• Absolute value oft statistics in parentheses. 
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1be estimates also indicate that the returns to education for whites are higher than 

the returns to education for blacks at all levels of educational attainment. Indeed 

for black females, there are no significant returns to education until the attainment 

of a bachelor's degree. The positive and significant coefficients of education and 
experience are similar to the results of earlier research. 

1be coefficients on the city dummy variables indicate that wages in urban 
areas are higher than in rural areas, but the negative coefficients on the regional 
(division) dummy variables indicate that wages are higher in the Nonheast than 

anywhere in the United States. While the number of children has no impact on 

males and black females, it does have a negative and significant impact on the 

wage of white females. Changing jobs more than once a year or being a part-time 

or part-year employee has a negative and significant effect on wages-a finding 
that is consistent with the human capital theory. 

Lambda has a negative and significant coefficient in only the black female 
and the total sample wage equations. An examination of the estimates from all 
samples suggests that the negative coefficient of Lambda in the wage equation for 
the total sample is mainly due to the effects of Lambda in the black female 

sample. 1be negative and significant coefficient of Lambda implies positive 
sample selectivity. Failure to account for this positive sample selectivity will bias 

the coefficient estimates in the wage equation upward, thus overestimating the ef­
fects of the independent variables on the black female wage rate. This implies that 

researchers, especially those using black female data, should take care to correct 

for sample selection bias when estimating wage equations. 

We used the coefficients of the estimated wage equations for the United 

States and for each of the nine census divisions to decompose the log wage dif­

ferentials.8 The results of the decomposition analyses are presented in Tables 2-5. 
Table 2 presents decomposition of the male-female wage differential for the nine 

census divisions and for the United States. Table 3 presents the decomposition of 

the male-female wage differentials for the four census regions of the United 

States to be compared with the results in Table 2. Table 4 presents the decomposi­
tion of the wage differentials between whites and blacks for the four census 

regions and the United States, while Table 5 presents decompositions of the wage 
gaps for samples stratified by gender and race for the four census regions. Only 
four census regions are used because of the small sample size of blacks in a num­
ber of the census divisions. 

From the last row of Table 2, we see that the log wage differential between 
males and females in the United States is .3780, implying a wage differential of 

$1.46 at the means of wages. Of this wage differential, about 40.0 percent is due 
to differences in endowments of productivity characteristics, and about 60.0 per­
cent of the gender wage gap is due to discrimination.9 Contrary to what the 
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TABLE2 
Decomposition of Male-Female Wage Differential by Census Division: 198't 

W~e % %Male %Female 

Divisionb 
Di er- Charac- Treat- Treat-

N ential• teristics ment ment 

New England 6.284 .3494 8.59 48.46 42.95 

Middle Atlantic 10,104 .3480 59.60 18.72 21.68 

East North 17,147 .3918 16.59 42.36 41.05 
Central 

West North 6,056 .4010 30.60 35.84 33.57 
Central 

South Atlantic 11,856 .3709 41.28 29.72 29.00 

East South 3,165 .3894 -54.52 82.94 71.58 
Central 

West South 5,861 .3531 40.37 28.59 31.04 
Central 

Mountain 6,123 .4008 95.36 -1.73 6.38 

Pacific 7,993 .3642 41.90 28.30 29.80 

u.s. 67,787 .3780 39.67 30.12 30.21 

&wage differential is the log wage differential. 
bState composition of the various census divisions are as follows: 

New England: 
Middle Atlantic: 
East North Central: 
West North Central: 
South Atlantic: 
East South Central: 
West South Central: 
Mountain: 
Pacifac: 

ME, NH, VT, MA, RI, and cr 
NY,NJ,andPA 
OH, IN, IL, Ml, and WI 
MN, lA, MO, ND, SO, NE, and KS 
DE, MD, DC, VA, WV, NC, SC, GA, and FL 
KY, TN, AL, and MS 
AR, LA, OK, and TX 
MT, 10, WY, CO, NM, AZ, UT, and NV 
WA, OR, CA, AK, and HI. 

% 
Discrimi-

nation 

91.41 

40.40 

83.41 

69.41 

58.72 

154.52 

59.63 

4.65 

58.10 

60.33 
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TABLE3 
Decomposition of Male-Female Wage Differential by Four Census Regions• 

Wflee % %Male 

Trhionb 
Di er- Charac- Treat-

N entiat• teristics ment 

Northeast . 16,388 .3481 33.05 34.16 

Midwest 16,504 .4103 40.99 30.00 

South 20,891 .3674 26.41 37.43 

West 14,116 .3785 57.40 19.52 

u.s. 67,899 .3780 39.67 30.12 

-wage differential is the log wage differential. 
bComposition of the various census regions are as follows: 

Northeast: New England and Middle Atlantic 
Midwest: East N<Xth Centtal and West North Central 

%Female 
Treat-
ment 

32.79 

29.00 

36.17 

23.08 

30.21 

South: 
West: 

South Atlantic, East South Central, and West South Central 
Mountain and Pacific 

TABLE4 

% 
Discrimi-

nation 

66.95 

59.00 

73.60 

42.60 

60.33 

Decomposition of White-Black Wage Differential by Four Census Regions• 

W?ee % %White %Black % 

Regionb 
Dif er- Charac- Treat- Treat- Discrimi-

N entiat• teristics ment ment nation 

Northeast 16,375 .0659 83.49 -0.17 16.68 16.51 

Midwest 16,478 .0294 -7.35 3.29 104.05 107.35 

South 20,850 .2136 73.94 4.57 21.49 26.06 

West 14,084 .0111 110.09 -8.03 -2.06 -10.09 

u.s. 67,787 .1600 68.14 2.70 29.16 31.86 

-wage differential is the log wage differential. 
bComposition of the various census regions are as follows: 

Northeast: 
Midwest: 
South: 
West: 

New England and Middle Atlantic 
East N<Xth Centtal and West North Central 
South Atlantic, East South Central, and West South Central 
Mountain and Pacifac 
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proponents of the human capital model argue, a disproportionately large portion 
of the wage gap between males and females can be attributed to discrimination in 
the labor market-a finding that is consistent with the results of a number of pre­

vious studies (Blinder 1973; Boston 1988; Gyimah-Brempong, Fichtenbaum, and 

Willis 1992; Neumark 1988; Riemers 1983; among others). The proportion of the 
male-female wage differential that is attributable to labor market discrimination is 
further divided into about 30 percent favorable treatment for males and about 30 
percent unfavorable treatment for females. The log mean wage differential be­
tween whites and blacks in the United States (as shown in row 5 of Table 4) is 

.1600, implying a wage gap of $1.17. Of the white-black wage gap, 68.14 percent 
is attributed to differences in endowments of characteristics, and 31.84 percent 
can be attributed to discrimination. The proportion of the wage gap attributed to 
discrimination can be further subdivided into 2.70 percent favorable treatment of 

whites and 29.16 percent unfavorable treatment of blacks. The composition of the 
white-black wage gap is similar to the decomposition of the male-female wage 

gap discussed earlier. 
This paper investigates regional differences in labor market discrimination 

using a decomposition of wages approach. Since the decomposition is based on 
the coefficient estimates of the wage equation, if these coefficients are the same 
across regions, there will be no regional differences in labor market discrimina­
tion, hence there will be no need to conduct decomposition analysis for the dif­
ferent regions or census divisions. To test whether the estimated coefficients 
differ across regions and census divisions, we estimated the wage equations for 
the various census regions (divisions) and race/gender combinations and con­
ducted a generalized Chow test to test for homogeneity of coefficients of the 
equations across regions (Duffour 1982).10 The Chow tests rejected the null 
hypothesis of no regional differences in the coefficient estimates for all equations. 
Therefore, we conclude that there are regional differences in the coefficients of 
the wage equations and proceed to conduct decomposition analyses for the 
regions and census divisions. 

Are there regional differences in the composition of the male-female wage 
differential? To investigate this question, we conduct decomposition analyses of 
the male-female wage gap for the nine census divisions using the coefficient es­

timates from the divisional regressions and compare them with the male-female 
wage differential for the United States. The results are presented in Table 2. The 
log of the wage differential between males and females ranges from a low of .371 
in the South Atlantic to a high of .401 in the West North Central and Mountain 
divisions. Four of the divisions-East North Central, West North Central, East 
South Central, and Mountain-have male-female wage differentials that are higher 
than the national average, while five divisions have wage differentials that are 
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lower than the national average. It is clear from Table 2 that there are regional dif­
ferences in the male-female wage gap in the United States, although these 
regional differences are not large in absolute magnitude. 

While the range of the log wage differential among the nine census divisions 
is fairly narrow, there is considerable variation in the factors accounting for the 
differential. In the Mountain division, with one of the largest wage differentials, 
virtually all the male-female wage gap (95.36 percent) can be explained by dif­

ferences in productivity characteristics. Only 4.64 percent of the gap can be at­
tributed to differences in returns to characteristics. At the other extreme, in the 
East South Central division, not only is all the wage differential attributable to 
discrimination, females are only able to reduce the wage gap (by about a third) 
with greater endowments of productivity characteristics. In effect, if females in 
the East South Central division had the same productivity characteristics as their 

male counterparts, the wage gap would have been 54.52 percent larger than the 
one we observe. Four of the divisions-New England, East North Central, West 
North Central, and East South Central-show labor market discrimination above 
the national average, while the West South Central division shows labor market 
discrimination at just about the national average. Indeed, in New England, with 
one of the smallest wage gaps among all divisions, about 91 percent of the male­
female wage gap is attributable to differences in returns to characteristics. Over­
all, the results presented in Table 2 indicate that while there are relatively small 

differences in male-female differentials across the nine census divisions, there is 
considerable divisional variation in the degree to which women are discriminated 
against in the labor market It is also clear that the divisions with the largest wage 
gaps are not necessarily those with the largest crude measure of discrimination as 
measured in this paper. 

Does data aggregation over wider geographical area affect the size and com­

position of wage differentials in the United States? To investigate this question, 
we partitioned our sample according to the four census regions-Northeast, Mid­

west, South, and West-instead of the nine divisions as we have in Table 2 and 
conducted a decomposition analysis for each region. The results of these decom­
position analyses are presented in Table 3. As is the case in Table 2, the range of 
the wage differentials across regions is very narrow-from a high of .410 in the 
Midwest to a low of .3481 in the Northeast. This level of aggregation still preser­
ves the rankings of the wage gap across regions-the Midwest and the West have 
larger wage gaps than calculated for the national sample, and the Northeast and 
the South have wage gaps that are below that of the national sample. 

The overall male-female wage differential in the United States remains .378, 
as does the proportion of the wage differential attributable to discriminatio~im­
plying no aggregation bias in the calculation of the wage differential. However, 
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large regional differences in the composition of the wage differential emerge 
when we compare the results in Table 3 to those in Table 2. In Table 3, the 
proportion of the wage gap attributable to discrimination ranges from a low of 
42.60 percent in the West to a high of 73.60 percent in the South. In Table 2, 
which shows a much fmer geographical disaggregation of data, the proportion of 
the wage gap attributed to discrimination ranges from a low of 4.65 percent in the 
Mountain region to a high of 154.52 percent in the East South Central region. 
While geographical aggregation of data may not result in aggregation bias of the 
overall estimate of labor marltet discrimination at the national level, it appears to 
mask large regional differences in labor madt.et discrimination. lbese regional 
differences in labor marltet discrimination could be important in the formulation 
and implementation oflabor mcut.et policies. 

From Table 4, we see that the white-black log wage differential is .t600.U 
However, this masks large regional differences in the log wage differential. The 
white-black wage differential varies from a low of .0111 in the West to a high of 
.2136 in the South. As in the male-female wage gap, there is not a wide regional 
variation in the wage gap across regions; however, there are large regional dif­
ferences in the composition of the wage gap. In the Northeast, South, and West, 
83.49 percent, 73.94 percent, and 110.90 percent, respectively, of the white-black 
wage gap can be attributed to differences in endowments of characteristics, and 

16.51 percent, 26.06 percent, and -10.09 percent, respectively, can be attributed to 
discrimination. In effect, blacks have an advantage over whites in the West. In the 

Midwest, on the other hand, -7.35 percent of the white-black wage gap is due to 
differences in endowments of characteristics, and discrimination accounts for 
107.35 percent of the wage gap. Blacks have to compensate for differences in 
returns to characteristics with higher endowments of characteristics in order to 
keep the wage gap at the observed level. As in the male-female wage differential, 
we see that the region with the largest wage differential-the Sou~is not the 
region with the most labor marlcet discrimination against blacks. 

Our analysis has so far been conducted in terms of sex and race. It is possible 
that combining the races (male-female wage gap) or the sexes (white-black wage 
gap) could confound our results. To reduce this potential problem, we next tum to 
an examination of differences in earnings in samples stratified by race and sex. 
We stratify the sample by sex and race, estimate wage equations for the various 
race and sex stratifications using the national and regional samples, and use the 
resulting coefficient estimates to decompose the wage differentials by regions. 
The results are presented in Table 5 (A and B). 

For white and black males (Table 5, A), the log wage differential ranges 
from a high of .2898 in the South to a low of .0538 for the West. The components 
of the wage differentials also differ among the regions. In the Northeast and 
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South, discrimination accounts for between 69 percent and 38 percent of the wage 
differential, respectively, compared to 55 percent for the United States as a whole. 
In the West and the Midwest, labor market discrimination accounts for about 143 

percent and 100 percent, respectively, of the wage differential, while differences 

in endowments of characteristics are an insignificant determinant of the wage gap 

in the Midwest In the West, black males compensate for lower returns with 

higher endowments of characteristics to keep the wage gap as observed. This 

regional difference in the composition of the wage gap is consistent with the find­
ings for the male-female wage differentials discussed above. 

Panel B of Table 5 presents a decomposition of white female-black female 
wage differential by region. In all regions except the South, where the white 
female wage exceeds that of black females, black females had an average wage 

that was higher than that of their white counterparts. However, because of the 

concentration of black females in the South, the white female-black female wage 
differential for the national sample is positive. The composition of the wage dif­
ferentials also differs among the regions as well as from the U.S. data. While the 

TABLES 
Decomposition of Wage Differentials by Regions 

A. White Male-Black Male Wage Differential 

W?ee % %White %Black % 
Dif er- Charac- Male Male Discrimi-

Region N ential1 teristics Treatment Treatment nation 

Northeast 8,566 .1277 31.18 4.29 64.53 68.82 

Midwest 8,624 .1079 0.49 5.72 93.79 99.51 

West 7,485 .0538 -43.08 4.82 138.27 143.09 

South 10,771 .2898 61.84 5.95 32.31 38.16 

u.s. 35,446 .2308 45.00 4.61 50.39 55.00 

B. White Female-Black Female Wage Differential 

W?ee % %White %Black % 
Dif er- Charac- Female Female Discrimi-

Region N ential1 teristics Treatment Treatment nation 

Northeast 7,809 -.0378 8.78 5.20 86.02 91.22 

Midwest 7,853 -.0863 179.20 -10.66 -88.53 -79.19 

West 6,559 -.0782 80.27 2.27 17.46 19.73 

South 10,791 .0953 82.87 4.40 12.73 17.13 

u.s. 33,012 . . 0466 66.79 3.83 29.38 33.21 

-wage differential is the log wage differential. 
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Northeast has a relatively low wage differential, it is the region in which dis­
crimination accounts for the largest proportion of the wage differential. Our data 
suggests that productivity characteristics account for only 8.78 percent of the 
wage gap between white and black females in the Northeast, while differential 
returns to these characteristics account for 91.22 percent. In the Midwest, on the 

other hand, black females receive higher returns on their endowments of charac­
teristics than their white counterparts. If returns to characteristics were equalized 

between black and white females, the black female wage advantage in the Mid­

west would increase by about 45 percent. White females are only partly able to 
compensate for this huge disadvantage in returns with large endowments of char­
acteristics.12 

In the West, differential returns account for 20 percent of the wage gap. lbis 
implies that equalization of returns across the races would have decreased the 

black female wage advantage by about 20 percent The South is the only region 

where white females have higher hourly wage rates than black females. However, 

in this case a large part of the wage gap (83 percent) is explained by differences in 
the characteristics of black and white females. This is not surprising given the 

long-tenn effects of "separate but equal" education policies in the South. While 

the log wage differential is similar across regions, there are a lot of regional varia­
tions in the proportion of the wage gap attributable to differences in charac­

teristics and returns to these characteristics.13 

It is clear from the foregoing analysis that there are substantial regional dif­
ferences in the wage gap found between blacks and whites as well as between 

males and females. Besides differences in the levels of wage differentials, there 
are also regional differences in the composition of these wage differentials. In 
particular, there are wide regional differences in the proportions of the wage gap 
that is attributable to discrimination. Moreover, the regions with the largest wage 

differentials tend not to be the regions with the highest degrees of labor market 
discrimination. The regional wage differentials, as well as the composition of 

these differentials, diverge from the U.S. wage differential and its composition. 
Our results are consistent with O'Neil's findings of regional differences in 

the black-white wage gap. We find that these regional differences in the wage gap 
can be attributed to regional differences in endowments of productivity charac­

teristics as well as to regional differences in labor market discrimination. Our 
results are at variance with those of Kamalich and Polacheck who find no regional 
variation in labor marlc.et discrimination in the United States. Why are our results 
so different from those of Kamalich and Polacheck? Perhaps, the different results 

can be attributed to differences in research methodology and to the different 
samples employed in the two studies. 
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1be conclusion that there are significant variations in the regional wage dif­
ferentials and their composition and that these regional wage differentials are also 
different from that of the United States has implications for labor market research 
as well as policy. 1be research implication is that using data for very large 
geographical aggregation, such as the whole United States, to investigate the ex­
tent of labor market discrimination could hide substantial regional variation in 
labor market discrimination even though, on the average, such aggregation of data 
may not produce biased estimates of labor market discrimination in the United 
States as a whole. 1bis is especially true if labor ma!Xet discrimination is 
geographically concentrated. It may therefore be important to disaggregate the 
data by region when investigating labor market discrimination in the United 
States. 

Perhaps our results are more significant for policy purposes. Given that there 
are regional differences in the levels and composition of the wage differentials, 
different strategies and policies may be called for in different regions if the policy 
objective is to narrow the wage gap in the United States. In regions where the 
major component of the wage gap is due to differences in endowments of produc­
tivity characteristics, policy should concentrate on narrowing the gap in the en­
dowments of these characteristics. On the other hand, in regions where a large 
part of the wage differential is due to discrimination, narrowing the wage gap will 
involve narrowing the racial (gender) gap in returns to productivity characteristics 
rather than narrowing the endowment gap of these characteristics. An alternative 
approach is to help speed up the process of migration of female (black) labor from 
regions where returns to their characteristics are lower than those of males 
(whites) to regions where returns to their characteristics are equal to those of 
males (whites). A "generic" approach to narrowing the wage gap in the United 
States may be less effective than a policy that targets specific regions with 
specific policies. 

Our results only indicate that there are significant regional differences in 
labor market discrimination in the United States. However, what may be of inter­
est to policymakers are the causes of such regional differences in labor market 
discrimination. Are the observed regional differences in labor market discrimina­
tion due to different policies in the regions, or are they caused by the pattern of 
population movements across the United States? To what extent are these regional 
differences in labor market discrimination a function of differences in the perfor­
mance of the regional economies? An investigation of these issues would require 
conducting studies of labor markets in the different regions over several periods. 
This is the subject of an ongoing research by the authors. 
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V. CONCLUSION 

This paper used 1987 Current Population SuiVey data and a discrimination­

free wage structure to investigate regional differences in labor market discrimina­

tion in the United States. We find that there are substantial variations in labor 

ma!Xet discrimination across regions in the United States and that the extent of 
labor market discrimination in the regions also differs markedly from that of the 

United States as whole. 1be results imply that the search for equal treatment for 

blacks and females in the U.S. labor market cannot be found only in increasing 

the endowments of productivity characteristics of these disadvantaged groups. An 
efficient way of addressing the problem may involve looking at the operation of 

regional labor ma!Xets. A more geographically differentiated approach is needed 

if the wage gaps are to be effectively reduced. 

The results obtained in this paper should be considered as suggestive rather 
than definitive. This study suffers from the weaknesses inherent in all decomposi­
tion analyses-the inability to measure all factors (or to measure them accurately) 
that affect labor productivity in the wage equation. Coefficients may suffer from 

the usual biases, hence the resulting decomposition may also be biased. Despite 

this weakness, we feel that our results point future research in the direction of 

more geographical disaggregation when studying labor market discrimination. 

ENDNOTES 

1. This argument assumes that the wage bill is fixed and that elimination of 

discrimination only redistributes this wage bill. If the elimination of discrimina­

tion changes the labor supplies of the different groups, it does not qualitatively af­

fect our results so long as one group can be substituted for another; it only 

complicates the algebra. There could be alternative explanations. One such pos­

sibility is that the low female wage is due to "capitalist exploitation" of females as 
males earn the equilibrium wage rate. Of course, this cannot happen in a competi­

tive market. 

2. This assumes that workers from different groups are perfect substitutes, 

which they should be if they are equally productive and the employer cares only 
about worker productivity. If workers are perfect substitutes, changes in the supp­
ly of different workers will only complicate the algebra but will not qualitatively 
change our analysis. 

3. We note that ~· is not precisely estimated. It is an approximation of the 
equilibrium wage since, as indicated above, any value between ~m and 13f is an es­

timate for 13*. 
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4. Oearly, this variable is not the best measure of experience, particularly 
for women. Unfortunately, the CPS data does not provide any other variable that 
could be used to measure work experience. 

5. The Appendix provides a brief rationale for the inclusion of Lambda in 
the wage equation as well as the list of variables used in the probit equation to cal­
culate Lambda. 

6. See the Appendix for a calculation of Lamlxla. 
7. Because of space considerations, coefficients for industrial and occupa­

tional classifications are not presented. They are, however, available upon request. 
We also do not report coefficient estimates for the divisions and the regional wage 
estimates. They are also available upon request from the authors. 

8. Coefficient estimates of the regionaVrace/gender wage equations used for 
the decomposition analyses are not reported because of space considerations. 
They are available upon request from the authors. 

9. Our estimates of labor market discrimination may be lower bounds of dis­
crimination in the labor markets. It is possible that the reason why blacks and 
females possess smaller quantities of productivity characteristics is because of 
discrimination in educational institutions and discriminatory hiring practices lead­
ing to their being disproportionately employed in low-paying industries and oc­
cupations. Our approach only accounts for the direct discrimination in the labor 
market but not the indirect discrimination through discrimination in the process of 
acquisition of skills and in hiring practices. 

10. These equations are the same as those referred to in endnote 8 above. 
11. Because of the small number of blacks in the sample, it has not been 

possible to disaggregate the sample into the nine divisions when we consider the 
black-white differential. For this reason, we are only able to disaggregate the data 
into four distinct regions when we conduct the decomposition analysis for wage 
differentials between the races. 

12. We note that this interpretation holds because of the negative white­
black female wage gap for this region. We do not present a decomposition 
analyses of the black male-black female wage gap for the regions because of the 
small sample size for black males in the West. 

13. For the sake of completeness, we conducted decomposition analyses of 
the white male-black female and white male-white female wage gaps for the cen­
sus regions. The results are not presented for space considerations. However, they 
are very similar to those of the racial wage gaps presented in Table 5. While the 
ranges of the regional wage gaps are narrow, there is considerable variation in the 
composition of the wage gaps across regions. 
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APPENDIX 

Calculation of Lambda 

Because the sample is truncated, there is the need to account for the pos­
sibility of sample selection. We followed Heckman's (1979) two-stage procedure 

in calculating Lambda to account for the selectivity bias. The rational behind this 
sample selectivity variable is as follows: The wage equation that is of primary in­

terest is given as y = X'~ + J.L, where y is the wage rate, X is a vector of ex­
planatory variables, ~ is a set of coefficients to be estimated, and J.1 is a stochastic 

error term. However, the wage equation is observed if and only if the worker is 
employed, and the probability of employment is given as z* = y' W + E, where W 

is a set of explanatory variables and E is a stochastic error term. It follows that the 

expected value of y given employment is a function of the wage equation (y = X'~ 

+ J.L) and the probability of employment (z* = y 'W + E). Formally: E [y I employ­

ment]= WX +~A.A.(.). As argued in the text, A. is calculated as •(y' W)/<l>,(y' W), 
where •(.) is the predicted probability that individual i is employed, and <!>(.) is 
the cumulative probability of employment from the probit equation. The equation 

for~.) is given as: 

[Prob Employment]= y'W + E 

where W is a vector of regressors, and E is an error term. Variables contained in 
the W vector include: Education, marital status, age, the square of age, unemploy­

ment rate, number of children, race, and city. 


