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ABSTRACT

Gender and racial/ethnic gaps in labor market earnings remain large, even among workers with
similar educational attainment. Differences by gender and race in the distribution of college
majors and in their returns are potentially important contributors to these gaps. In this paper, we
use administrative data from the universe of Texas public high school graduates followed
through college and up to 20 years in the labor market to assess gender and racial differences in
college major choices and the consequences of these choices. While there are sizable cross-group
differences in college major choices, with women, Black, and Hispanic students being under-
represented in high-earnings fields such as business & economics, IT, and engineering, we show
that these groups also experience much lower returns to these majors (relative to own-group
earnings in liberal arts). Differences in major-specific returns are more important than
differences in the distribution of college majors for explaining earnings gaps, explaining 20%,
57%, and 51% of the gender, White-Black, and White-Hispanic earnings differences among
four-year college students, respectively. The work shines light on the role that college major
choice — and returns by gender and race — contributes to inequality.
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1. Introduction

Gender and racial differences in labor market earnings remain substantial, even among workers
with four-year degrees (Blau and Kahn 2017; Hirsch and Winters 2014; Sakamoto, Tamborini,
and Kim 2018; Bayer and Charles 2018; Chetty et al. 2020). In Texas, our data show that men
who attended a four-year college earn 49% more than female college attendees, on average 16-
20 years after high school, while White college attendees earn 45% more than Black attendees
and 32% more than non-Black Hispanic college enrollees. These large cross-group differences in
earnings grow over time with potential experience as well. Differences by gender and
race/ethnicity in the distribution of college majors and in their returns are potentially important
contributors to these labor market disparities. This is a particularly compelling explanation
because of the historically-high returns to more technical majors, such as business and
economics, engineering, science, and math (Arcidiacono, 2004; Hamermesh and Donald, 2008;
Kirkebgen, Leuven and Mogstad 2016; Andrews et al. forthcoming) as well as the fact that
women and under-represented minorities (URMs)' are less likely to major in these fields (Turner
and Bowen 1999; Kugler, Tinsley, and Ukhaneva 2021; Sloane, Hurst, and Black 2021; Dickson
2010; England and Li 2006; Black et al. 2008; Arcidiacono, Aucejo, and Hotz 2016;
Arcidiacono, Aucejo, and Spenner 2012).

College major choice can impact earnings differences across groups through two
pathways. First, cross-group differences in the distribution of majors can drive earnings
disparities because of the different returns to majors. Second, there could be differences in
group-specific returns to major choice. For example, women may earn less than men because
they major in lower-return subjects or because they experience a lower return to majoring in
certain areas. In this paper, we use linked administrative data from Texas that combines K-12
records, higher education records, and quarterly earnings data to examine how major choice
varies by gender and race/ethnicity as well as how both differences in the distribution of majors
across groups and the returns to major across groups contributes to subsequent earnings
disparities. The rich data to which we have access allow us not only to control for a series of pre-
collegiate academic characteristics such as test scores and SES, but also allow us to account for

the correlation between the type of college attended and college major choice. Prior research

' We use the term “under-represented minorities” to refer to non-Hispanic Black and Hispanic students.
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studying the contribution of college major choices in the US to gender and racial/ethnic earnings
differences have not been able to account for these factors.

We begin by documenting the distribution of college majors by gender (men and women)
and racial/ethnic groups (Black, White, Hispanic, and Asian)? among those who graduated from
a public high school in Texas between 1996 and 2002 and who attended a public, four-year
university in Texas within two years of high school graduation. We then examine male-female,
White-Black, White-Hispanic, and White-Asian average earnings differences in three periods: 6-
10, 11-15, and 16-20 years after high school graduation. By examining how these differences
evolve, we provide new evidence on the role of returns to experience in generating labor market
disparities. Next, we estimate models that control for a comprehensive set of pre-collegiate
characteristics and academic achievement measures as well as college fixed effects that show
how much of the unexplained earnings gaps are driven by these pre-market factors.

Our examination of the role of college majors in cross-group earnings differences focuses
on the unexplained gaps that are residual to the pre-market controls and college attended fixed
effects. Following Andrews et al. (forthcoming), we account for 11 broad major groups plus
undeclared students® as well as more detailed major controls based on 4-digit CIP codes and the
interaction of major and postsecondary institution (i.e., program). These estimates provide
insight into the contribution of the different distributions of majors across demographic groups.

Next, we extend the literature by assessing the role of differential returns to majors in
driving earnings gaps. Prior research generally has assumed that returns are constant across
demographic categories, which has led to a focus on the differences in major choices by
race/ethnicity and gender as a main contributor to earnings gaps among college graduates. But if
under-represented groups face lower returns, especially to majors with high average returns for
majority students, then differences in major choices will be less important for explaining
earnings differences. We estimate how the return to each major relative to liberal arts (the
excluded major in our regression models) varies by gender and race/ethnicity. Our analysis

focuses both on differences in mean returns as well as how major choice affects the distribution

2 Black, White, and Asian students are non-Hispanic. Hispanic students can be of any race.

3 These major groups are agriculture, communications, IT, vocational, engineering, architecture, biology and health,
physical sciences and math, social sciences (excluding economics), business and economics, liberal arts, and
undeclared. Note that distinct from Andrews et al. (forthcoming) we separate out engineering and architecture.
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of earnings differentially for each demographic. Hence, we show how the mean returns to major
choice differ by potential experience as well as what part of the earnings distributions are most
affected. We then use the mean returns to conduct a linear Blinder-Oaxaca decomposition that
shows how much of the differences in mean earnings can be attributed to differential returns
rather than differences in major choice.

Our results show that the distribution of college majors explains relatively little of
gender and racial earnings gaps, especially after the early career period that covers 6-10 years
after high school graduation (typically 2-6 years after college graduation). During this period,
differences in major choices by gender can explain all of the earnings gaps that are residual to
the controls but can explain only a small amount of the earnings differences across racial/ethnic
groups. However, as we examine earnings farther out from high school (and thus college), the
explanatory power of college majors falls considerably. By 16-20 years after high school,
differences in college major explain just 17.5% of the earnings gap by gender and less than ten
percent of the White-Black and White-Hispanic earnings gaps. College major choices remain an
important explanation for White-Asian earnings differences in all periods, but the explanatory
power of majors still declines as workers age.

We document substantial differences in the returns to college major across groups, with
differences growing over the lifecycle. Focusing on the period 16-20 years after high school,
men experience quarterly returns relative to liberal arts that are $3,776 higher than women in
biology & health, $1,750 higher in engineering, $1,783 higher in IT, $3,904 higher in business &
economics, and $1,946 higher in vocational majors. Using estimates from Wiswall and Zafar
(2015) of the elasticity of major choice with respect to earnings expectations, we calculate that
under rational expectations these differences in returns can explain a sizable portion of the under-
representation of women in these fields.

Similarly, Black and Hispanic students experience far lower returns than White students
in many high-earning fields. Relative to White returns, Black student returns 16-20 years after
high school are $8,800 lower for engineering, $4,700 lower for IT, $2,128 lower in biology &
health, $4,726 lower in vocational, and $6,528 lower in business & economics. Hispanic
students’ returns are $6,800 lower in engineering, $5,625 lower in business & economics, $3,881

lower in IT, and $2,371 lower in vocational relative to White students. These differences in



returns again can explain much of the under-representation of Hispanic and Black students in
majors associated with high earnings. White-Asian differences in returns are smaller but are
sizable in several areas, such as being $3,995 lower in engineering, $2,749 lower in business &
economics, $1,055 higher in IT, and $2,976 higher in biology & health relative to returns for
Whites.

Combining our results on differences in major choice and in the group-specific returns to
major, the decomposition analysis shows that differences in major-specific returns are more
important than differences in the distribution of college majors. Differences in returns 16-20
years after high school explain 20%, 57%, 51%, and 121% of the gender, White-Black, White-
Hispanic, and White-Asian earnings differences among four-year college students, respectively.
While the explanatory power of college majors declines with potential experience, the role of
differential returns either grows or remains large. Hence, simply equalizing the distribution of
majors by gender and race/ethnicity will have only a small impact on cross-group earnings
differences in the long run. In order to address gender and racial/ethnic earnings disaparities for
those up to their mid-30s, our results show that one must equalize the returns to college major
choice rather than the major choice itself.

Together, we show that the combination of different major choices and differential
returns to those choices can explain much of the gender and racial/ethnic earnings gaps. In the
earliest period, they can explain between 74% and over 100% of earnings differences, largely
due to the strong explanatory power of major choices. By 16-20 years after high school, major
choices and the returns to college major can explain 38% of the gender earnings gap, 61% of the
White-Black earnings gap, 60% of the White-Hispanic earnings difference, and over 100% of the
White-Asian earnings difference. Furthermore, these differences in returns may understate the
true differences in the welfare consequecnes of major choice across groups given that much of
the modest returns to major for women and racial minority students is concentrated at the top of
the earnings distribution. Many majors, even those thought of as “high earning” have little return
for women and racial minority students at the median.

In addition to decomposing earnings differences into the parts due to major choice and
differential returns to major, we examine the distributional impacts of major choice on returns by

gender and race through the estimation of quantile treatment effects. Our QTE analysis provides



an additional explanation for why women and minorities are less likely to enroll in high average
return majors. In particular, we show that there is a wide range of returns within demographic
group and majors. For certain high average returns majors — specifically business & economics
and IT — returns are close to zero for the bottom 50% to 80% of the distribution for women and
URMs. At the same time, in these majors along with agriculture, engineering, architecture, and
sciences & math, the returns for women are lowe than for men but converage at the top decile.
For URMs, we see similar patterns with respect to Whites but with less the convergence at the
top.

Our paper makes several contributions to the literature. We are the first to show gender-
and racial/ethnic-specific returns to major choice, how these returns change with potential
experience, and the effect the distribution of earnings across groups. Prior research in this area
has focused on average effects that do not impact by gender or racial/ethnic groups (e.g.,
Arcidiacono 2004; Kirkebeen, Leuven and Mogstad 2016; Bleemer and Mehta 2022).* Most
closely related to our paper, Andrews et al. (forthcoming) use similar data and methods to
estimate the return to college major by potential experience, effects on the distribution of
earnings, and lifecycle utility returns. Our relative contribution is to show how these returns vary
by race/ethnicity and gender as well as how these differential returns impact earnings differences
across groups.

Second, our paper contributes to the large literature on the causes of differential earnings
by gender and race/ethnicity in the labor market. Some prior research, discussed in more detail in
Section II, show that college major choices can explain a large portion of the gender wage gap in
multiple countries. However, these papers typically are unable to disentangle college major
choice from college quality and pre-collegiate academic achievement measures. No prior work
examines this question with respect to race/ethnicity. We present new evidence in a setting that
allows us to account for these other factors that cross-group differences in major choices, per se,
have a small impact on cross-group earnings differences. Our results point to differential returns
to college major as an important driver of earnings disparities by gender and race/ethnicity. This

is a new explanation for earnings differences that prior research has not explored because no

4 See Altonji, Blom, and Meghir (2012), Altonji, Arcidiacono, and Maurel (2016), and Lovenheim and Smith (2023)
for reviews of the literature on the returns to college quality.
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previous work has estimated these returns. The results from our paper suggest that differential
returns by race/ethnicity and gender can explain a substantial proportion of the cross-group
earnings differences among those with a college degree.

Third, our results provide a new potential explanation for the persistent under-representation
of women and under-represented minorities in fields with high average returns, like engineering
and economics. These groups experience lower returns to these fields relative to their other
options, which reduces their attractiveness. Assuming rational expectations, differences in
earnings returns can explain a sizable portion of the under-representation of women,> Black, and

Hispanic students in business and economics, science, and math, and engineering.

II. Sources of Gender and Racial/Ethnic Differences in Earnings
a. Gender

Our paper contributes to a sizable body of prior work that explores the sources of differences in
earnings by gender and across different racial/ethnic groups. Blau and Kahn (2017) provide a
comprehensive review of the gender wage gap. Using data from the Panel Study of Income
Dynamics (PSID), they show that by 2010 women earned about 80% as much as men. They
further demonstrate that educational attainment and experience can explain little of the gender
earnings gap. However, they do not examine the role of college major and instead highlight the
importance of gender differences in occupation, gender roles, and the division of labor between
men and women as main sources of remaining earnings differences. This conclusion aligns with
those of Goldin (2014), who argues that the final convergence of gender earnings gaps is likely
to entail increased flexibility of jobs.

Women have higher average educational attainment than men and obtain postsecondary
degrees at a higher rate (Goldin, Katz, and Kuziemko 2006), which is why educational
attainment cannot explain gender earnings disparities. Beyond attainment, men and women
continue to major in different subjects, with men more represented in technical fields that are

associated with higher average earnings (Turner and Bowen 1999; Kugler, Tinsley, and

5 Zafar (2013) uses survey data from Northwestern University to show that men and women have different
preferences for workplace characteristics, including pay, which can generate differences in major selection. If
women care less about the labor market returns to majors than men, we may overstate the role of differential returns
in driving college major choice. We note, however, that women do weigh labor market returns when they select
majors, just somewhat less than men do.
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Ukhaneva 2021; Sloane, Hurst, and Black 2021; Gemici and Wiswall 2014; Dickson 2010;
England and Li 2006; Black et al. 2008). Several papers explore the role of field of study in
driving the gender earnings gap. Using data from the American Community Survey (ACS),
Sloane, Hurst, and Black (2021) show that major controls account for 32% of the male-female
wage gap. McDonald and Thornton (2007) find that college majors explain nearly 95% of
differences in starting salary offers after college, while Black et al. (2008) use data from the
National Survey of College Graduates to show that controlling for college major explains about
30% of the wage gap over and above what is explained by the highest degree earned.

Similar results have been found in Europe as well. Machin and Puhani (2003) show that
college major explains a substantial portion of the gender wage gap in England and Germany.
Hiagglund (2024) and Francesconi and Parey (2018) find similar results in Germany and Finland,
while Humphries, Joensen, and Veramendi (2024) report that college major can explain 50-60
percent of the gender wage gap in Sweden. Furthermore, both Humphries, Joensen, and
Veramendi (2024) and Machin and Puhani (2003) present evidence that more detailed major
controls explain a larger portion of the gender wage gap.

Our paper extends our understanding of the role of college major choice in driving the
gender earnings gap in several ways. First, these papers do not control for pre-collegiate
academic achievement levels or the college of attendance. This is problematic because without
controlling for selection into majors or the correlation between college quality and major choice,
one risks confounding the role of major per se with unobserved labor market productivity. We
take a selection on observables approach to addressing selection into field of study. While this
method requires assumptions about the controls we use sufficiently accounting for such
selection, we have a rich set of pre-collegiate demographic and academic achievement measures
that render these assumptions more palatable. Further, we can account for college quality effects,
which could be correlated with major choice. Taken together, we are able to provide the first
estimates in the US of how major choice affects gender earnings gaps that credibly account for
selection into field of study. As we demonstrate, the controls we include substantively change the
estimated effect of major choice on gender earnings differences.

We also contribute to this literature by providing the first estimates of how majors affect

the time path of earnings inequality between men and women. Our main contribution is to show



new evidence on the role played by differential returns to college major in the gender earnings
gap. As discussed below, we define returns as the gender-specific effect of majoring in a given
area relative to liberal arts. We show that the returns women experience relative to majoring in
liberal arts is smaller than this difference for men, especially in fields that have high relative
returns for men such as engineering, IT, and business & economics. These differences in returns
can explain over three-quarters of the gender earnings gap right after college and about 20% of
the gap for somewhat older workers.¢

b. Race/Ethnicity
Much research has focused on documenting and understanding trends in earnings disparities
between African Americans and Whites as well as between Hispanics and Whites in the US.
Existing studies focus either on average earnings differences across groups or on parts of the
earnings distribution that are unlikely to be populated by college graduates (Bayer and Charles
2018; Chetty et al. 2020; Antman, Duncan, and Trejo 2023; Hirsch and Winters 2014;
Kospentaris and Stratton 2021). Using US Tax data, Bayer and Charles (2018) document a
median Black-White earnings gap of about 50% in 2014. They also document an earnings
difference of 39% at the 90™ percentile of the distribution, which is one of the few data points on
Black-White earnings differences among those likely to have a college degree. Antman, Duncan,
and Trejo (2023) report mean Black-White earnings differences of 47% and 17% among men
and women, respectively, and Hispanic-White earnings differences of 30% and 19% for men and
women.

Given the large differences in educational outcomes by race/ethnicity, most of the
research seeking to explain earnings differences across groups has focused either on educational
attainment (Zhou and Pan 2023; Antman, Duncan, and Trejo 2023) or on pre-market educational
achievement measures (Neal and Johnson 1996). Despite concerns that URM students are
particularly under-represented in technical fields, no research exists on how major choice

impacts racial/ethnic earnings differences among college attendees.

® This finding aligns with Sloane, Hurst, and Black (2021), who show that women tend to sort into lower-paying
occupations, conditional on major. Importantly, this occupation sorting would not necessarily cause a difference in
the gender-specific returns to major choice. If women in every major sort into proportionally lower-paying
occupations than men, it would not cause a relative decline in gender-specific returns.
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Prior research on this question focuses on affirmative action policies and shows that these
policies can contribute to under-representation in STEM fields, especially at highly selective
universities (Arcidiacono, Aucejo, and Hotz 2016; Arcidiacono, Aucejo, and Spenner 2012). In
addition, Bleemer and Mehta (2023) show that restricted major access from major eligibility
cutoffs leads to lower representation of Black and Hispanic students in majors that have high
average returns. Their results suggest that these major restrictions have increased racial
stratification in the returns to attending a given institution, but they do not examine whether
under-represented groups experience the same returns as do majority students. Our findings
suggest that because URM students have lower returns to majors with higher returns for White
students, differences in major representation have a small impact on racial and ethnic earnings
gaps. Instead, our results point to a larger role for differential returns across groups in explaining
earnings differences among college attendees.

Finally, we examine differences in earnings between White and Asian workers in Texas.
White-Asian earnings differences have not been a focus of prior research, likely because Asian
Americans have relatively high levels of educational attainment and earnings. We provide new
evidence on differences in earnings between Whites and Asians as well as the role of college
choice, pre-collegiate academic achievement, and field of study on these earnings differences

after college.

III.  Data and Descriptive Statistics

a. Data
We estimate the labor market returns to college majors by sex and gender using administrative
data from three sources: the Texas Education Agency (TEA), the Texas Higher Education
Coordinating Board (THECB), and quarterly earnings from the Texas Workforce Commission
(TWC). These data follow all Texas students from public secondary school through college and
into the workforce, provided individuals remain in Texas and attend public colleges and
universities.

The construction of our analysis sample closely follows Andrews et al. (forthcoming); the
details of the sample are described in Appendix B of that paper. We focus on all public high

school graduates in Texas from 1996-2002 who enrolled in a public four-year institution in the



state. To capture the most salient postsecondary experience to employers when students end
their education, we assign students to major based first on their highest degree earned and then
based on their most recent sector of enrollment. Any students who earn a bachelor’s degree (BA
or BS) at a Texas public institution are included in the sample. Students who earned an
associate’s degree (AA or AS) but no bachelor’s are considered two-year students and are
excluded, even if they enrolled in a four-year institution before or after earning an AA. Our
assumption is that students’ associate’s degree will be more salient to employers than their four-
year enrollment that did not lead to a credential. Students who do not earn a bachelor’s or
associate’s degree and whose last sector of enrollment is in the four-year sector are included in
our analysis sample. This ensures that we are focusing on the most observable and recent degree
or enrollment information that employers may see and that likely determines the skills workers
bring to the labor market.

Students’ majors are assigned in a similar way as sector, first based on major of their
highest degree and then, for non-completers, based on last observed major. We aggregate four-
year students into one of 12 major groups based on a combination of their specific 2- and 4-digit
CIP codes: liberal arts, agriculture, communications, IT, vocational, engineering, architecture,
biology and health, physical sciences and math, social science (excluding economics), business
and economics, and undeclared. The college of attendance is measured as the institution at which
the college major is determined using the method described above.

Labor market outcomes are constructed from quarterly earnings records through second
quarter of 2018 for each student who works in Texas, except for those who work for the Federal
Government, postal service, or are self-employed. These workers are excluded from the earnings
data because they are not covered by the state UI system. Thus, we cannot distinguish between
those who are unemployed, self-employed, not in the labor force, or working outside of Texas. In
general, out-of-state attrition can bias estimates of earnings differences across institutions and
fields since migration tends to be correlated with earnings and is differential across programs
(Foote and Stange, 2022). In prior work, we do not find such selection to be problematic
(Andrews, Li and Lovenheim 2016; Andrews, Imberman and Lovenheim 2020; Andrews et al.
forthcoming), and the extent of this bias appears low in Texas specifically due to relatively low

out-migration (Foote and Stange, 2022).
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In order to reduce bias associated with out-of-state migration, we only include quarterly
earnings records that occur during students’ in-state employment window, which we define as
the time spanning the first non-zero earnings record after leaving college and the last non-zero
earnings record. This excludes any periods of non-employment immediately after school and at
the end of our sample, which would include records from those who have permanently left the
state. We also exclude quarters in which students are enrolled in a public postsecondary
institution in Texas, which helps to ensure that we are not attributing low earnings during
graduate school to a specific major. While we are unable to observe enrollment in graduate
schools outside of Texas or in private institutions, this would bias our estimates only to the
extent that majors differentially sort to such institutions relative to in-state publics for graduate
study. Finally, we only include earnings observations at least 6 years after high school
graduation.

Quarters with no earnings records that are within the in-state earnings window and meet
our inclusion criteria are imputed to be zero and included in our earnings estimates. This
approach is designed to address bias from out-of-state migration while still accounting for the
extensive margin. However, we note that if individuals in Texas leave the labor market
permanently, we will code them as having left the state rather than not working. Especially for
women, we may miss some labor market exit driven by fertility. This should reduce the earnings
disparities between men and women, especially in the second two potential experience groups
we consider when women are at the age when college graduates are most likely to have children
(Livingston 2015). Earnings are converted to real 2016 dollars throughout the analysis.

One of the important contributions we bring to the literature is the ability to control for
pre-collegiate academic achievement as well as college type. These controls have not been
available in prior research examining the role of major in driving earnings disparities by gender
and race/ethnicity. We control for math and reading exam scores that are given to all students in
10™ grade in Texas. These are exit exam scores, and students are required to score above a
certain threshold to receive a high school diploma. We standardize each score to have a mean of
zero and a standard deviation of one in each year the test is given. We also control for whether
the student is in the top decile or the 70"-90™ percentiles of the within-high school and year

distribution. The Texas Top 10 Percent Plan provides automatic admission to any postsecondary
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institution for these cohorts for any student in the top 10% of their class GPA distribution. We do
not observe high school GPA, but these within-school exam percentiles are strong measures of
whether students are admitted under the Top 10 Percent Plan (Andrews, Imberman, and
Lovenheim 2020).

We additionally control for whether a student is designed as being “at risk” of high
school dropout, which combines information on course performance, grade advancement, test
scores, limited English proficiency status, criminal justice system interaction, pregnancy, and
homelessness. We control as well for whether a student is economically disadvantaged, defined
as whether they are eligible for free or reduced price lunch, whether their family is below the
poverty line, or whether they receive TANF or food stamps.

b. Descriptive Statistics
Table 1 provides descriptive statistics for our analysis sample. The first part of the table presents
new evidence on major choices by gender and race/ethnicity. Columns (1) and (2) show large
differences in major choices between men and women. Women are less likely to major in
subjects generally associated with higher earnings: engineering (6.7 pp), science and math (0.8
pp), business and economics (7.1 pp), IT (2.6 pp), agriculture (2.3 pp), and vocational (5.7 pp).
In contrast, women are almost twice as likely than men to major in liberal arts, biology and
health, and social science. There is little gender gap in the likelihood of being undeclared.

There are substantial race/ethnic differences in major choice as well, although they are
smaller in magnitude than the gender differences. Relative to White students, Black students are
less likely to major in engineering (2.2 pp), science and math (1.1 pp), and business and
economics (2.1 pp). Black students also are less likely to major in liberal arts (5.8 pp) but are
more likely to major in vocational (4.8 pp), biology and health (3.1 pp), and social science (1.7
pp). Hispanic-White differences are similar, with Hispanic students less likely to major in
agriculture (3.9 pp), communications (1.1 pp), and business and economics (4.5 pp). Hispanic
and White students major in IT, engineering, liberal arts, architecture, science and math, and
social science at similar rates, while Hispanics are more likely to major in vocational (1.3 pp)
and biology and health (2.4 pp) and are much more likely to be undeclared.

Asian students have substantially different majors than White, Black, and Hispanic

students. Relative to Whites, Asians are less likely to major in liberal arts (12.2 pp), agriculture
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(4.6 pp), vocational (4.5 pp), communications (1.4 pp), and social science (2.1 pp) and are more
likely to major in IT (1.9 pp), engineering (4.1 pp), biology and health (10 pp), and business and
economics (10.1 pp). These differences in major choice across gender and racial/ethnic groups
are sufficiently large that they could explain some of the earnings gaps between these groups,
which we explore directly below.

The remainder of Table 1 shows differences in the observed characteristics of each group
as well as mean earnings 6-10, 11-15, and 16-20 years after high school. Men have higher math
test scores than women on average but slightly lower reading scores. White and Asian students
have higher math and reading scores than Hispanic and Black students, with Asian students
having the highest math scores (at 0.811 sd) and White students having the highest reading
scores (at 0.629 sd). Gender differences in the likelihood of being at risk or economically
disadvantaged are small, while Black and Hispanic college students are much more likely to be
at risk of dropout and economically disadvantaged than their White and Asian counterparts.
These differences highlight the importance of controlling for pre-collegiate academic
achievement in assessing the group-specific returns to college and the role of college majors in
explaining earnings gaps.

Aligned with the substantial differences in pre-collegiate academic achievement and SES,
there are large raw earnings gaps that grow over time between men and women as well as
between White and Black and White and Hispanic students. Recall that these earnings are for
those who attend (and mostly complete) a four-year degree, so these large earnings gaps are
especially notable. Men earn about 9% more than women 6-10 years after high school, which
grows to 49% by 16-20 years after high school. White earnings are 31% higher than Black
earnings and 28% higher than Hispanic earnings in this early period. They grow to 44% and 32%
16-20 years after high school, respectively. Relative to Asians, Whites earn 5% more in the early
period right after college but then earn 14% less by their mid-30s. Hence, the White-Asian
earnings gap flips sign as people in the sample gain experience in the labor market, while the
other earnings gaps we document get larger in magnitude. We now turn to an examination of the

role of college major choice in explaining these patterns.
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IV.  Empirical Methods
The goal of this paper is to understand how major choice and the differential returns to college
major across groups can explain gender and racial/ethnic earnings differences. We approach this
question in two ways. First, we estimate how adding controls for college major as well as student
background and college controls affects unexplained gender and racial/ethnic earnings gaps by
relative experience. We then estimate group-specific returns in order to conduct linear
decompositions that allow us to calculate how equalizing college major choices and major
returns across groups would affect earnings differences. We also estimate quantile treatment
effect models to further explore what part of the earnings distributions are shifted by college
major choice by gender and race/ethnicity. Below, we discuss each of these empirical approaches
in turn.

a. Unexplained Cross-group Earnings Gaps
We begin by estimating the effect of controlling for major choice on unexplained earnings gaps
across groups. We estimate a series of linear regression models of the form:

12

Yiscjk = BMale /White; + QX; + O l(major; = k) + 6.5 + Yej t Eiscjks (D

k=2
where Y. jx is an outcome for individual 7, from high school s, in high school cohort ¢, attending
postsecondary institution j, and majoring in field k. The coefficient of interest in equation (1) is
f. When examining gender, § shows the difference in mean earnings between male and female
earnings, conditional on the observables. When focusing on race/ethnicity, § shows the
difference in mean earnings between White and Black, Hispanic, or Asian college attendees. For
the race/ethnicity estimates, we estimate the model separately for each combination of White and
focal non-white group in the analysis. All standard errors are clustered at the postsecondary
institution-by-major group level, reflecting the correlation of outcomes across students who
attend the same college and major in the same subject area. Results are similar if we cluster by
high school.

The full version of equation (1) includes the controls for pre-collegiate academic aptitude
and student SES discussed in Section III and shown in Table 1. We also control for high school-
by-cohort (8,) and college-by-cohort (y,;) fixed effects. Because of geographic sorting and
patterns of segregation by race/ethnicity and SES, one’s high school incorporates a substantial
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amount of information about socioeconomic background. Furthermore, the sorting of students
into different colleges leads to smaller differences in unobservables across students within the
same college and cohort than across students in different majors and different institutions.
Finally, we include college major indicators, with liberal arts (k=1) as the excluded major
category. We focus on indicators for the 11 major groups discussed in Section III and shown in
Table 1, but we also show how the estimates change when we include dummies for each CIP-4
major and when we interact the major groups with postsecondary institution (i.e., college
programs).

To understand how the controls impact the unexplained portion of the earnings gap
across groups, we add controls sequentially. We first control for the role of pre-college factors:
the X; variables and the high school by cohort fixed effects. We next add college by cohort fixed
effects, followed by our major controls. Hence, we show how much of the unexplained earnings
difference can be accounted for by college majors, conditional on pre-collegiate academic
achievement, SES, and postsecondary institution. These models are estimated separately for our
three different time horizons: 6 to 10 years post-high school, 11 to 15 years post-high school, and
16 to 20 years post-high school.

b. Group-Specific Returns to College Major
The second part of our analysis seeks to estimate group-specific returns to college major choice
and then to decompose earnings differences across groups into the portion due to differential
major selection and the portion due to differential returns to major. For ease of exposition, we
present our approach for gender differences. The analysis of racial/ethnic differences is the same,
but replacing Male with White.

We estimate a version of equation (1) that include interactions between major and Male:
12 12
Yiscjx = a + BMale; + QX; + Z O l(major; = k) + Z ¢rl(major; = k) * Male; + &
k=2 k=2

+ ycj + e-iscjk- (2)

The coefficients of interest in equation (2) are 8, and ¢, which show the differential returns,
relative to liberal arts (the excluded category), for men and women. That is, 8, shows the returns
for women of a given major relative to women in liberal arts, while 8, + ¢, shows the returns
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for men of a given major relative to men in liberal arts. These parameters differ from gender-
specific earnings differences across majors because they each are relative to gender-specific
earnings in liberal arts. If men earn proportionally more than women in every major, then ¢, =
0 for each k. To our knowledge, we are the first to estimate gender (and racial/ethnic) specific
returns to four-year college majors, relative to an own-group specific baseline major.

We use the estimates from equation (2) to decompose the earnings differences between
men and women into the portion due to differential returns (¢ ) and the part due to the

differences in major choice (I(major; = k) * Male;). For ease of exposition, define Z;s.; =
QX; + 8¢5 + vcj- These are the non-major controls in the model. Taking expectations, and

dropping non-major subscripts, we can write the earnings equation for men and women,

respectively, as:

E(Y|Male) = a + B + WE(Z™) + Y12,(0x + ¢x)P(major = k)™  (3)
E(Y|Female) = a + ‘PE(Z{) +Y12,(6,)P(major = k)” (4)

Assuming (E (eiscjk)l Male) = E(eiscjk)l Female) = 0, the mean earnings difference between

men and women can be written as:

E(Y|Male) — E(Y|female) = B + W[EZ™) — E(ZD)] + T1,(6x + i) P(major = k)™ —
YkL2(6)P(major = k)f
= B+W[E(ZM — E(ZD)] + 2322(0x + )P (major = k)™ —
YR22(61)P(major = k) + F32,(6, + ¢r)P(major =
k) =YL, (0, + dr)P(major = k)T
= B+ W[E@Z™) — E(ZD)] + Z}25(6 + ¢ [P(major = k)™ —
P(major = k)] + Xi%; P(major = k)/ ¢, (5)

In the last part of equation (5), Yx2,(8x + ¢i)[P(major = k)™ — P(major = k)/]
shows the effect on earnings differences of equalizing the distribution of majors by gender, and

Y12, P(major = k) ¢, shows the effect of equalizing the returns to major, relative to gender-
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specific earnings in liberal arts. The unexplained portion is due to the controls included in Z and
factors not included in the model. In addition to gender, we conduct these decompositions for
each race/ethnicity compared to Whites as well.

The assumptions of this Blinder-Oaxaca decomposition are that the controls in the model
are sufficient to account for selection of different groups into different majors. Put another way,
conditional on the controls the unobserved earnings capacity of each group is the same within
each major. This is a somewhat strong assumption, however we emphasize that we have a larger
set of controls for pre-collegiate academic achievement than has been used in most of the returns
to college major literature and most certainly in prior work that has sought to estimate the
contribution of college majors to cross-group earnings differences. These assumptions also are
similar to those invoked in Andrews et al. (forthcoming) in their analysis of the returns to college
major choice averaged over all students in Texas.

¢. Quantile Treatment Effects

In addition to examining how mean earnings returns vary across groups, we estimate how
major choice affects the cross-sectional distribution of earnings differentially by gender and
race/ethnicity using unconditional quantile treatment effect models (DiNardo, Fortin, and
Lemieux 1996; Firpo 2007). We first take each major pair, where a major pair consists of one of
the major groups listed above and liberal arts. Letting k index the non-liberal arts major, we

estimate a logit model of the likelihood of majoring in £ relative to liberal arts:

e(<+TXi+wcs+¢cj+Vicsj)

Pr(Maj; = k) = 1 + eCHTXitwes+dcjtvics)) * ®

For each non-liberal arts major, we estimate a separate version of equation (6), and the predicted
values from these logit models are used to construct weights:
Pr (Maj, = k)

Y = T e = o

(7)

Equation (7) is the odds ratio of the conditional likelihood of individual i choosing major k&
(relative to liberal arts), and we apply the weights, Y (x), to the distribution of earnings among
those with a liberal arts major. This generates a counterfactual distribution of earnings that would
have been expected if the observed characteristics of students with a liberal arts major were

distributed the same as the observed characteristics of those with major k. The quantile treatment
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effect is the vertical difference between the inverse CDFs of the major & earnings distribution
and the reweighted liberal arts earnings distribution at each quantile. We estimate equations (6)
and (7) separately by gender and race/ethnicity for each major pairing with liberal arts.

The assumptions underlying this approach are very similar to the linear selection on
observables methods discussed above. Both methods ultimately are identified from the
assumption that the observed characteristics are sufficient to account for the selection of students
with different potential earnings into different majors. The QTE model estimates the effect of
college major £ relative to liberal arts on the distribution of earnings for a given gender or
racial/ethnic group. This differs from the distribution of treatment effects, which requires a rank
invariance assumption that the treatment does not alter one’s rank in the major-specific earnings

distribution. This is a stronger assumption that is not possible to test and that we do not invoke.

V. Results
a. Unexplained Cross-group Earnings Gaps

Tables 2-5 present the 8 estimates from equation (1) sequentially for male-female, White-Black,
White-Hispanic, and White-Asian earnings differences. In each table, we first show the raw
earnings differences in column (1), after which we add controls for observed characteristics and
high school-cohort fixed effects in column (2) and then college-cohort fixed effects in column
(3). Column (4) includes indicators for college majors, using the 11 college major groups on
which we focus. We then explore the role of more finely controlling for major and college type
by including interactions between college major group and college fixed effects in column (5)
and then also including CIP4 major fixed effect in column (6). Panel A of the tables presents
estimates for earnings 6-10 years after high school, Panel B shows estimates for earnings 11-15
years after high school, and Panel C presents results for earnings 16-20 years post high school.
In Panel D we present results for log(earnings) 16-20 years post high school, which expresses the
gap in approximately percentage terms.

Table 2 reports a raw earnings gap of $566 in Panel A, $3,539 in Panel B, and $6,791 in
Panel C. As shown in Table 1, the gender earnings differences grow with potential experience.

Including the vector of controls, including high school by cohort fixed effects (column 2)

diminishes this gap by 43% in the early period but only by 12%-14% in the later two periods.
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Adding college-cohort fixed effects further reduces the unexplained gender earnings gap by 50%
in the early period and by 14%-16% in Panels B and C. Pre-collegiate academic achievement,
SES, and college type thus explain a substantial proportion of the early-career earnings
differences between men and women but explain much less as workers gain experience in the
labor market.

Prior work has focused on differences in the distribution of majors across genders as a
major contributor to the gender earnings gap, since women are underrepresented in higher-
paying fields of engineering, IT, and business. Including major fixed effects in column (4) fully
explains the remaining gap in earnings 6-10 years after high school. This is aligned with prior
evidence that college major differences can explain most of the gender gap in starting salaries
(McDonald and Thornton 2007). After this early career period, however, major choice becomes
less important for explaining gender earnings differences: majors account for an additional 20%
of the earnings gap 11-15 years post-HS and 12.5% 16-20 years after high school, above and
beyond what is explained by controls and institution. Hence, differences in majors by gender are
a decreasingly important explanation for gender differences in earnings as workers age. In Panels
B and C, major choice has less explanatory power for gender earnings gaps than has been found
in the prior literature, which likely is due to the ages at which prior researchers have observed
earnings and the lack of academic achievement, SES, and college type controls in prior analyses.
Using log(earnings) rather than levels demonstrates a very similar pattern, qualitatively and
quantitatively.

Including controls for college major program more flexibly — with institution by major
fixed effects or additionally controlling for the specific 4-digit CIP major code — does not explain
much more of the residual gender earning gap. The latter model controls for differences in the
specialization within broad field, for instance between marketing and finance within business,
which could differ by gender. The 12 major groups on which we focus contain the relevant
differences across students in terms of labor market outcomes. Overall, the variables in our
model explain over 100% of the early career differences in earnings by gender but only explain
38% in the middle period and 29% for the oldest workers in our sample.

Table 3 provides a similar analysis of White-Black earnings differences. There is a large

raw earnings gap in each period: $1,742 6-10 years after high school, $3,577 11-15 years after
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high school, and $5,599 16-20 years after high school. As discussed in Section III, these gaps
grow in percentage terms as well as in levels. Aligned with the findings in Neal and Johnson
(1997), controlling for pre-collegiate academic achievement explains 58%-64% of the earnings
gap across race and ethnic groups. Adding in college fixed effects explains 83% of earnings
differences in Panel A and 73% in Panels B and C. Most of the Black-White earnings differences
thus can be explained by where students attend college and prior academic achievement and SES
measures.

Adding in major controls has no additional explanatory power for any relative experience
group. Indeed, the explained portion declines when we add in major controls and does not
change when we more flexibly control for major. This result occurs because Black students, on
average, major in higher earning areas than White students. For example, the proportion of Black
students majoring in liberal arts is lower and the proportion majoring in biology and health and
vocational is higher.” These findings are novel in showing that while Black-White earnings
differences are strongly related to academic achievement and college quality, field of study
actually pushes earnings in the opposite direction of lowering the earnings gaps. This is an
important finding in particular in light of concerns about affirmative action inducing Black
students to major in less technical subjects (Arcidiacono, Aucejo, and Hotz 2016; Arcidiacono,
Aucejo, and Spenner 2012; Arcidiacono and Lovenheim 2016). On average, these results suggest
that Black students are not majoring in lower-earnings subjects, at least in Texas public
institutions.

Table 4 presents results for White-Hispanic earnings differences. Hispanic college
attendees earn less than White college attendees in each period: $1,586 6-10 years after high
school, $2,728 11-15 years after high school, and $4,375 16-20 years after high school. These
differences grow with potential experience, both in levels in proportionally in relation to mean
White earnings. As with the results for Black students, the pre-collegiate controls explain a
substantial proportion of the earnings differences, at about 66% in each panel. Adding in college
fixed effects explains more of the earnings gaps, such that in column (3) the non-major controls
account for 84% of the raw earnings gap in the earliest post-college period, 79% in the second

period, and 76% in the latest period. These variables explain a very similar proportion of

7 See Andrews et al. (forthcoming) for evidence on the average return to these different majors.
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Hispanic-White earnings differences as they do Black-White earnings differences. The
importance of college fixed effects speaks to the large differences in earnings effects across
colleges coupled with inequitable access to these colleges, particularly along racial and
socioeconomic lines (Bleemer, 2022; Chetty et al, 2020)

Controlling for college major has virtually no impact on the unexplained portion of the
White-Hispanic earnings gap in any of the relative experience periods. More flexible major
controls have slightly more explanatory power among the least experienced group, but in panels
(B) and (C) they explain little of the residual gaps. Overall, conditional on the controls, college
major differences do not explain any of the Hispanic-White earnings differences residual to the
college, academic achievement, and SES controls.

We report results for White-Asian earnings differences in Table 5. Raw White-Asian
earnings differences are positive 6-10 years after high school at $333 and then turn negative at -
$1,241 and -$2,916 11-15 and 16-20 years after high school, respectively. Because Asian
students on average high higher pre-collegiate academic achievement than Whites (Table 1),
controlling for pre-collegiate observables exacerbates the positive earnings difference in Panel A
and explains 73% of the negative earnings difference in Panel B and 49% in Panel C. Adding in
college fixed effects predicts an even larger positive gap in column (3) and modestly reduces the
negative differences for the second two experience groups. This result is driven by the fact that
Asian students attend colleges that are associated with higher earnings than do White students,
on average.

Asian students major in subjects that are higher earnings as well, and thus controlling for
college major induces all of the White-Asian earnings differences to be positive. Hence, for the
11-15 and 16-20 years post-HS groups, major choice more than fully explains the remaining
earnings differences, while for the 6-10 years post-HS group it suggests an even larger positive
earnings disparity in favor of White workers. More flexibly controlling for major has little
impact on the results and conclusions. Taken together, the controls in our model combined with
college major fully explain the fact that White students earn less than Asian students 11+ years
after high school. Differences in major choice account for 50%-70% of these earnings
differences, which indicates that college majors are far more important in explaining White-

Asian earnings differences than they are for White-Hispanic and White-Black differences. In the

21



earliest career period, our data show that White students earn more than Asian students despite
the fact that they have lower pre-collegiate academic achievement, attend lower-earnings
colleges, and major in lower-earning subjects on average. Why White students earn more than
Asian students early in their career despite these differences in an important question that is due
to factors beyond the scope of this study and that deserve more attention in subsequent research.

From this analysis, one might conclude that college major only plays a modest role in
explaining longer-run earnings gaps among college attendees between men and women and
between race/ethnic categories. These models, however, impose that the earnings return to
college major is the same for men and women and by race/ethnicity. We now turn to an
examination of differential returns by gender and race/ethnicity and assessment of how much
these differences may matter for observed earnings gaps.

b. Gender and Racial/Ethnic Differences in Returns to College Major
Figure 1 shows estimates of the 8, and 6, + ¢, from equation (2). These estimates are gender-
specific returns, meaning they show the return for men (women) of majoring in field & relative to
earnings in liberal arts for men (women). They thus measure the gender-specific earnings
differences between field £ and liberal arts (the excluded category). Note that this is different
from earnings gaps by major, since the estimates are relative to own-gender earnings in liberal
arts. If, for example, women earn proportionally less in every major than men, these returns will
not differ by gender. No prior work has shown how returns to major choice vary by gender or
race/ethnicity, which highlights the novelty of these findings. Importantly, gender-specific
returns, rather than earnings gaps, are the key factor in students’ choice of major.

The estimates in Figure 1 show that men and women experience different returns to many
majors (relative to liberal arts), in particular majors that are associated with high overall returns
(Andrews et al. forthcoming). Also, the disparities in returns tend to grow with potential
experience, such that 16-20 years post-HS the returns differences are particularly large in some
areas. The differences are the starkest for two high-earnings fields: business and economics and
biology and health. Returns in business and economics are high in each period for both genders,
but over time an initial gender gap in returns of $1,130 per quarter grows to $2,577 and then
$3,904. These estimates are in levels, and when we use logs to examine proportional differences

in Online Appendix Figure A-1 we see a more stable pattern of male returns being substantially
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higher than female returns by a similar proportion in each period. For biology and health, returns
are similar in the first two periods but also low. Returns increase substantially in 16-20 years
after high school, likely driven by graduate (including medical) school attainment. In this period,
male returns are $3,776 higher per quarter than female returns.

For IT, agriculture, and vocational, female returns also are substantially below those for
men in each period and do not vary much with potential experience. For example, IT returns for
women are between $1,490 and $1,968 lower in each period, while for agriculture they vary
between -$2,028 and -$3,914. Interestingly, for engineering and science & math, where there has
been much concern about under-representation of women, returns are more similar by gender,
however the return to engineering is $1,750 higher for men 16-20 years after high school. The
only major in which the return for women is higher than for men is communications, which is
characterized by low overall returns.

Can these differential returns explain the under-representation of women in high
aggregate return fields like business and economics? To address this question, we use the
elasticity of major choice with respect to earnings expectations from Wiswall and Zafar (2015).
They report an elasticity of 0.07. Under rational expectations, how much do the lower expected
earnings for women because of these differential returns reduce the likelihood that they declare a
major in a given area? Using the 16-20 post-HS estimates, we calculate that these differential
returns reduce the likelihood that women major in business and economics by 3.1 percentage
points (off of a 7.1 pp gap), engineering by 1.1 percentage points (off of a 6.7 pp gap), vocational
by 4 percentage points (off of a 5.7 pp gap), IT by 2.1 percentage points (off of a 2.6 pp gap),
and biology and health by 3.2 percentage points (off of a 6.2 pp gap favoring women). Despite
the fact that the returns difference in science and math is small at -$860, using the Wiswall and
Zafar estimate it can explain all of the gender gap in science and math majors (0.8 pp). These
estimates highlight that the differences in returns experienced by men and women can explain
substantial proportions of the under-representation of women in many fields. Nonetheless, it
remains possible, and in fact likely, that elasticities differ for men and women, which Wiswall
and Zafar (2015) do not separately calculate.

Similar estimates by racial/ethnic groups are shown in Figure 2 in levels and in Online

Appendix Figure A-2 in logs. Large differences in returns across racial ethnic groups are
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apparent. Focusing on White vs. Black returns, the figure shows that Black students experience
far lower returns than White students in biology and health, business and economics,
engineering, IT, and vocational. These differences tend to be small in the earliest period right
after college but then expand substantially over time. Relative to White returns, Black student
returns 16-20 years after high school are $8,835 lower for engineering, $4,726 lower for IT,
$2,128 lower for biology and health, $6,528 lower for business and economics, and $2,493 lower
for vocational. These differences are large relative to mean quarterly earnings for Black college
attendees. In no major are the returns for Blacks larger than the returns for Whites.

These differential returns can explain much of the White-Black differences in the
distribution of majors. Using the 0.07 elasticity with respect to expected earnings (Wiswall and
Zafar 2015), differences in returns (under rational expectations) 16-20 years after high school
reduce the likelihood Black students major in business and economics by 5.4 percentage points
(off of a 2.1 pp gap), engineering by 5.0 percentage points (off of a base of 2.2 pp), IT by 5.7
percentage points (off of a base of 0.02 pp), science and math by 1.4 percentage points (off of a
base of 1.1 pp), and biology and health by 2.5 percentage points (off of a base of 3.1 pp favoring
Black students). These differences in earnings returns therefore can fully explain Black-White
differences in major choices in these areas using the Wiswall and Zafar (2015) elasticity
estimate.

A similar pattern emerges for Hispanic students relative to White students. Black and
Hispanic students experience very similar returns to one another across most of the major
groups, with two notable exceptions. Hispanic returns to engineering are slightly higher than for
African Americans, with a Hispanic-White gap of -$6,829 16-20 years after high school. This
still is substantial in magnitude, but it is smaller than the Black-White difference. Second, for
science and math, Hispanic returns are lower than those experienced by Black students, with a
White-Hispanic gap of -$2,640 in the latest period. Taken together, the evidence in Figure 2
points to large differences in the returns to college major between these two under-represented
minority groups and Whites, especially in subjects that have high average returns for White
students. Black and Hispanic students do not experience much of the earnings premium
conventionally associated with “high earning” fields.

As with Black students, the lower returns experienced by Hispanic students can explain
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much of the under-representation in several fields. Lower returns 16-20 years after high school
reduce the likelihood Hispanic students major in business and economics by 4.6 percentage
points (off of a 4.5 pp gap), engineering by 3.9 percentage points (off of a base of 0.004 pp), IT
by 4.7 percentage points (off of a base of 0.004 pp), science and math by 4.5 percentage points
(off of a base of 0.003 pp), and biology and health by 2.3 percentage points (off of a base of 2.4
pp favoring Hispanic students). As with Black students, the lower returns experienced by
Hispanic relative to White students can explain virtually all the differences in major distributions
across groups.

Relative returns to college majors are more mixed for Asian students relative to White
students. For IT and biology & health, Asian students have higher returns than White students, at
$6,425 and $773 11-15 years after high school and $6,163 and $2,976 16-20 years post-HS,
respectively. In business & economics and engineering, however, Asians have lower returns than
Whites: -$1,084 and -$2,424 11-15 years post-HS and -$2,749 and -$3,995 16-20 years after
high school. The rest of the relative returns are similar across these two groups. Because Asian
students are more likely to major in engineering and business & economics than are White
students, these differential returns do not contribute to relative White students under-
representation in these areas. Differences in returns 16-20 years after high school can explain 1.3
percentage points of the 1.9 percentage point Asian-White difference in the likelihood of
majoring in IT and can explain 3.5 percentage points of the 10 percentage point gap in biology
and health.

¢. Decomposition: How Much of the Gap is Explained by Differences in

Returns to Major?

Given the differences in returns to major across groups, we now decompose the residual gender
and racial earnings gaps into the part that is due to differences in the distribution of majors
versus differences in the group-specific returns to different majors. We compute how much of
the gender (race) earnings difference at different ages would change if women (non-whites) had
the same distribution of majors as men (whites) and, separately, if women (non-whites) had the
same returns relative to liberal arts as men (whites). We use the raw gap presented in

specification (1) of Tables 2 to 5 as the baseline gap that we seek to explain using the distribution
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of and returns to college major.® Table 6 reports these decomposition results, with Panel A
showing results for gender and Panels B-D reporting for race/ethnicity.

Panel A first shows that, combined, the distribution of majors and differences in returns
explain over 200% of the gap in years 6-10 after high school. This indicates that if women had
the same returns to majors and the same distribution as men, the gender gap would fully reverse
such that women would earn a substantial premium over men. However, this pattern changes
dramatically as we look further into individuals’ careers, with the roles of both the distribution of
and returns to major in explaining gender wage gaps amongst college attendees becoming
considerably smaller, but nonetheless still playing an important and sizable role. By 16-20 years
after high school, the distribution of majors explains 17.5% of the earnings gap. Gender
differences in the returns to major explains slightly more, at 19.8%. Gender differences in returns
explain about the same proportion, 21.5%, in the 11-15 years after high school period, while they
are strongly related to initial gender earnings differences after college. The importance of gender
differences in the returns to major in explaining the gender earnings gap has not been
acknowledged, especially in relation to the voluminous research on gender differences in the
distribution of majors. Taken together, major choice and the returns to major explain over 50%
of the raw gender earnings gap 11-15 years post-HS and over 37% 16-20 years after high school.
That the explanatory power of majors declines as workers gain potential experience suggests that
other factors uncorrelated with college major choice are driving the increasing gender earnings
gap over time.

Panel B shows that the distribution of college majors explains little of the White-Black
earnings gap, especially 16-20 years after high school. Differences in majors most affect early-
career earnings differences, but the explained proportion is small, at 16%. By 16-20 years after
high school, differences in major explain less than 5% of Black-White earnings differences. This
is perhaps not surprising given the similar distribution of majors between Black and White
college students shown in Table 1 and the insensitivity of the White-Black earnings gap to

controlling for majors in Table 3. Race-specific differences in the returns to college major

¥ We also could perform the same decomposition on the residual earnings gap presented in specification
(3) and would reach a similar qualitative conclusion though the share explained by both the distribution
and returns would be higher since the residual gap is smaller than the raw gap.

26



relative to liberal arts can account for more than half of the earnings gap between Black and
White students. This effect remains relatively stable as workers age, explaining 62% of the gap
6-10 years after high school and 57% 16-20 years after high school. If Black students had the
relative returns of White students, the earnings gap would close by more than half. Simply put,
Black college students do not benefit nearly as much from studying “high earning” majors such
as business and economics, IT, and engineering. Just equalizing the distribution of majors by
race would do little the alter the Black-White earnings gap. The much larger source of earnings
differences lies in the differential returns to college major by race. These two dimensions of
differences in college major, however, can explain 62% to 78% of Black-White earnings
differences among college attendees.

Panel C tells a similar story for White-Hispanic earnings differences. Differences in
college major choice explain little of the earnings differences, which declines from 22% in the
earliest period to 9% in the latest period. As in Panel B, differential returns to college major have
much larger explanatory power, explaining 51% of the Hispanic-White earnings gap 6-10 years
after high school, 41% 11-15 years after, and 51% 16-20 years post-HS. The impact of
equalizing major distributions across White and Hispanic students would do little to alter later
earnings differences without equalizing the returns these students experience. Together,
differences in majors and differences in the returns to major explain 57%-73% of the Hispanic-
White earnings gap across periods.

Finally, Panel D shows that both the distribution of majors and the returns to major
explain sizeable shares of the White-Asian earnings differences. In the early period, differences
in majors are the more important factor, although each one explains over 100% of the earnings
gap. In the second two periods, differential returns to college major explain over 100% of the
Asian-White earnings gap. However, college major differences also remain important for
explaining these gaps. That these two factors over explain the earnings differences between
White and Asian students suggests that other factors go in the opposite direction. The differences
in pre-collegiate academic characteristics and college choice shown in Tables 1 and 5 aligns with
this interpretation.

The decomposition results in Table 6 have several similarities across groups that are

important to highlight. First, the percent explained by differences in major choice are largest
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right after college in the early career period. This finding suggests that the conclusions about the
role of college major choice, per se, in driving cross-group earnings differences is sensitive to
when earnings are measured. Second, starting in the 11-15 years after high school period,
differences in the returns to college major become a more empirically relevant explanation for
cross-group earnings differences. Third, the explanatory power of differential returns tends to
grow with potential experience. These results thus point to group-specific relative returns as a
key factor in understanding racial/ethnic and gender earnings disparities among college attendees
in the long run.

d. Incorporating Risk: Gender and Racial/Ethnic Differences in Major Returns

Across the Distribution

Up to now, we have shown large differences in mean returns to college major across group: on
average, men benefit more from certain “high return” majors than women do, as do White
students compared to Black and Hispanic students. These mean earnings differences may be a
poor reflection of the patterns experienced by the typical student, however. Majors with small
mean earnings gaps across groups could exhibit larger gaps at different parts of the earnings
distribution. For instance, a major with moderate female relative earnings could reflect a few
women having very high earnings with most having lower earnings, or it can reflect most women
experiencing modestly higher earnings. Hence, examining the effect of major choice on the
distribution of earnings separately by race/ethnicity provides insight into why the earnings
returns differ across groups. Is it because of a few high earners or is it a more ubiquitous effect
across the distribution?

Differences in earnings returns across the distribution also creates ex-ante risk in terms of
the likelihood of a randomly chosen student receiving the average return. Risk differences may
magnify mean earnings differences if students are risk averse, and there may be differences in
risk preferences by gender or race/ethnicity that further alter the effective returns to different
majors experienced by those in each group. Prior work has shown that distributional effects are
important across majors (Andrews et al, forthcoming) and institutions (Andrews, Li, Lovenheim,
2016) but has not examined differences by gender and race/ethnicity.

Figure 3 reports quantile treatment effect estimates of the return to major (relative to

liberal arts) separately by gender, as described in Section [Vc. The outcome is average person-
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level mean quarterly earnings across all years and experience levels in our sample. The solid
curves in each panel presents the QTE estimates separately for male and female students, and the
shaded regions shows the 95% confidence intervals that are calculated using a block bootstrap at
the institution-by-major level.

The mean gender earnings differences in Figure 1 can provide a misleading picture of the
relative returns for many students. For IT and engineering, their differences in mean returns for
men and women are driven by the lower part of the earnings distribution. There is convergence
at the top, and the gender gaps are largest below the 70™ percentile. For IT, only men experience
relative earnings gain from IT below, while for engineering the earnings returns are positive for
women across the distribution but lower than the relative return for men. By contrast, business
and economics shifts out the male earnings distribution by more than the female earnings
distribution at all percentiles. Other majors, such as vocational, agriculture, and architecture,
show positive effects for men across the entire distribution with zero relative returns for women.
Aligned with the results in Figure 1, there are no differences in the relative returns for men and
women of majoring in biology & health or in science & math.

It is also notable that for business & economics and IT, the returns for women are
especially low (and virtually nonexistent for IT) in the bottom half of the distributions. For a
large portion of women in these fields, the relative returns are effectively zero. Further, while the
overall returns are smaller for both genders in agriculture, architecture, and vocational fields, for
women the returns are close to zero except at the very top of the distribution. Finally, in
agriculture, business & economics, engineering, IT, and sciences & math, there is a convergence
of the returns at the very top decile of the distributions. This implies that the top earning women
experience returns similar to men in these fields even though all other women have lower
returns, suggesting the fields have a bit of a “star” effect where the top women can gain
tremendously over liberal arts but others lag behind.

Figure 4 shows quantile treatment effect estimates by race/ethnicity. Here the patterns are
even more striking: the returns to many majors — I'T, business and economics, science & math,
biology & health, and vocational — are close to zero below the median for Black and Hispanic
students. Yet these majors shift out the earnings distribution at all percentiles for White and

Asian students. IT and business & economics are particularly noteworthy for having high returns
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for most White and Asian students, but low returns for most Black and Hispanic students.
Engineering shifts out the earnings distributions throughout for all groups, but the shift is larger
for White and Asian students than for Black and Hispanic students.

Our results show that the mean differences in earnings returns by race are not simply due
to high earners. In fact, for biology & health and IT, earnings differences converge at the top of
the distribution. White engineers earn more at the top of the distribution than for any other group,
whereas for business & economics, science & math, and vocational, earnings at the top of the
distribution for White and Asian students are shifted out more than for Black and Hispanic
students. However, for these majors the differences in returns are not only coming from the top
of the distribution. Discussions of the sources of earnings differences by race/ethnicity can focus
on what is happening with top earnings. Our results show that one must examine a wider range
of workers to fully understand these differences in returns to major choice and racial/ethnic
earnings gaps.

We interpret the QTE estimates as providing evidence of ex-ante risk differences across
majors. Generally, the gender and racial/ethnic gaps in mean returns to major shown in Figures 1
and 2 will understate the welfare gap to each field given that much of the return to major for
female, Black, and Hispanic students accrue only to those at the top of the earnings distribution.
Thus, differences in the returns to college major may explain even more of the welfare gap than
is suggested by our decomposition of earnings. In future versions of this paper, we will model
this welfare effect directly by combining the distributional and mean returns of each gender and

race/ethnicity into a lifetime utility model similar to that used in Andrews et al. (forthcoming).

VI.  Conclusion
Using administrative data on K-12 public school students linked with public higher education
students and the near-universe of quarterly earnings for workers in Texas, we present new
evidence on how major choices differ between men and women as well as between White,
Black, Hispanic, and Asian racial/ethnic groups. We then examine the consequences of these
differences for explaining earnings cross-group earnings gaps in three periods of post-college
working life: 6-10, 11-15, and 16-20 years after high school. We thus document how these

earnings gaps evolve in our data among those who attend a four-year college in Texas and how
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major choices impact earnings disparities as workers age.

We focus on two dimensions along which major choices can impact earnings differences
across groups: the role of differences in major choices per se and differences in returns
experienced by different groups. The latter refers to the group-specific returns to a given major
relative to liberal arts (the excluded category), which prior work has not examined. We present
evidence that women experience much lower relative returns to high-earnings majors than do
men, such as IT, engineering, business & economics, and biology and health. A similar story
emerges for racial/ethnic earnings differences: Black and Hispanic students experience lower
returns relative to White students to these majors that have high average returns. Using an
elasticity estimate from the literature (Wiswall and Zafar 2015), we show that these differences
in earnings returns can explain much of the under-representation of women and URMs in these
majors.

We then present evidence from a linear decomposition that differences in earnings returns
are a more important determinant of cross-group earnings differences than are major choices.
Differences in majors are most important in the early career period, but once students reach their
late 20s differences in the returns to major are the more dominant explanation for gender and
racial/ethnic earnings gaps. For workers attending college in Texas 16-20 years after high school,
differences in earnings returns explain 20% of the gender earnings gap, 57% of the White-Black
earnings gap, 51% of White-Hispanic earnings disparities, and over 100% of earnings
differences between Whites and Asians. Major choices and differential returns together explain
37% of the gender earnings gap, 62% of the White-Black earnings gap, 60% of the White-
Hispanic earnings difference, and over 100% of the White-Asian earnings difference. Hence,
college majors are an important determinant of earnings inequality by gender and race/ethnicity
in the labor market, with differential returns to major playing a large role especially as workers
age.

Our results have important implications for policies that can address racial and
gender/ethnic labor market outcomes. They suggest that simply equalizing the distribution of
majors between groups will have only a minor effect on earnings differences, particularly in the
longer-run. Rather, what is needed is policies to equalize returns. Indeed, our results suggest that

equalizing returns could eliminate or significantly reduce cross-group differences in major
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choice. One important source of differential earnings returns is occupational choices that may
vary by gender and race/ethnicity conditional on college major. Policies to make high-earning
occupations more inclusive also could reduce differences in returns across groups, though our
results also show that differences in returns occur throughout the earnings distribution and are
not just driven by high earners. Future work that further examines the sources of these gender
and racial/ethnic disparities in returns is important to more fully understand what policies can be

used to reduce gender and racial/ethnic stratification in earnings.
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Table 1: Means of Analysis Variables

(1) (2) (3) (4) (5) (6)
Variable Male Female White Black Hispanic Asian
Liberal Arts 0.149 0.268 0.229 0.171 0.221 0.107
Agriculture 0.047 0.024 0.049 0.009 0.01 0.003
Communications 0.040 0.056 0.052 0.055 0.041 0.038
IT 0.030 0.004 0.015 0.013 0.011 0.034
Vocational 0.112 0.055 0.075 0.123 0.088 0.03
Engineering 0.081 0.014 0.045 0.023 0.04 0.086
Architecture 0.012 0.01 0.012 0.007 0.009 0.009
Biology & Health 0.061 0.123 0.082 0.113 0.106 0.182
Science & Math 0.024 0.016 0.021 0.01 0.018 0.024
Social Science 0.076 0.145 0.115 0.132 0.111 0.094
Business & Economics 0.239 0.168 0.206 0.185 0.161 0.307
Undeclared 0.136 0.125 0.107 0.163 0.189 0.105
Double Major 0.007 0.008 0.007 0.004 0.006 0.02
Male 1.000 0.000 0.453 0.393 0.417 0.487
White 0.646 0.615 1.000
Hispanic 0.206 0.227 1.000
Black 0.088 0.107 1.000
Asian 0.058 0.048 1.000
Math Exam Score 0.650 0.494 0.683 0.066 0.382 0.811
(0.666) (0.704) (0.604) (0.818) (0.740) (0.602)
Reading Exam Score 0.507 0.527 0.629 0.194 0.353 0.473
(0.600) (0.576) (0.494) (0.707) (0.650) (0.683)
Top Ten Percent Math 0.288 0.209 0.282 0.084 0.170 0.392
(0.453) (0.407) (0.450) (0.277) (0.375) (0.488)
70th-90th Percentile Math 0.317 0.291 0.331 0.194 0.264 0.315
(0.465) (0.454) (0.471) (0.396) (0.441) (0.464)
Top Ten Percent Reading 0.252 0.261 0.308 0.117 0.173 0.264
(0.434) (0.439) (0.462) (0.321) (0.378) (0.441)
70th-90th Percentile Reading 0.303 0.302 0.329 0.224 0.266 0.290
(0.460) (0.459) (0.470) (0.417) (0.442) (0.454)
At Risk 0.172 0.167 0.108 0.310 0.287 0.154
(0.377) (0.373) (0.310) (0.463) (0.452) (0.360)
Economically Disadvantaged 0.148 0.173 0.036 0.296 0.460 0.184
(0.355) (0.378) (0.186) (0.457) (0.498) (0.388)
Earnings 6-10 Years Post-HS 7,140.12 6,574.40 7,360.58 5,618.25 5,774.40 7,027.95
(6893.44)  (5477.83) (6446.95)  (6048.67)  (4875.76)  (6551.27)
Earnings 11-15 Years Post-HS  14,358.49  10,812.12 13,290.58  9,713.68 10,565.34  14,537.16
(13490.31)  (9886.18) (12864.64) (10109.30) (8023.65) (12464.81)
Earnings 16-20 Years Post-HS = 20,613.22  13,813.50 18,233.28  12,639.17 13,868.15  21,175.08
(20908.37) (11128.64) (18548.28)  (9057.79) (10791.84) (19628.07)
Observations 216,558 274,169 308,694 48,368 106,819 25,797

Notes: Standard Deviations in parentheses.

37



Table 2: Male-Female Earnings Differences

(1) (2) (3) (4) (5) (6)
Panel A: Earnings 6-10 Years Post-HS

Male 566 323 283 -193 -180 -59
(207) (153) (127) (79) (79) (57)

% Explained 42.9%  50.0% 134.1% 131.8% 110.4%

Panel B: Earnings 11-15 Years Post-HS

Male 3,039 3,043 2970 2253 2259 = 2,210
(373) (284) (256) (188) (189) (184)

% Explained 14.0% 16.1% 36.3%  36.2%  37.6%

Panel C: Earnings 16-20 Years Post-HS

Male 6,791 5975 5818 4974 5,003 4,808
(571) (444) (409) (352) (355) (358)

% Explained 12.0% 14.3% 26.8% 26.3%  29.2%

Panel D: Log(Earnings) 16-20 Years Post-HS

Male 0.383 0342  0.335  0.283  0.283  0.283
(0.024) (0.020) (0.019) (0.015) (0.015) (0.015)

% Explained 10.7% 125% 261%  26.1%  26.1%

Controls + HS FE X X X X X

College FE X X

Major Group FE X

College - Major Group FE X X

CIP4 FE X

Notes: Standard errors clustered at the institution-major level are in parentheses. % Explained is
the percent of the raw earnings difference across groups explained by the covariates.
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Table 3: White-Black Earnings Differences

H @ B @ 6 (6
Panel A: Earnings 6-10 Years Post-HS

White 1,742 621 291 378 381 410
(270) (139)  (98) (87) (89) (80)
% Explained 64.4% 83.3% 78.3% T781% 76.5%
Panel B: Earnings 11-15 Years Post-HS
White 3,577 1,491 952 1,183 1,166 1,211
(476) (221) (146) (131) (137) (134)
% Explained 58.3% 73.4% 66.9% 67.4% 66.1%
Panel C: Earnings 16-20 Years Post-HS
White 5,099 2226 1476 1,847 1,872 1,952
(691) (317) (223) (214) (225) (222)
% Explained 60.2% T73.6% 67.0% 66.6% 65.1%
Controls + HS FE X X X X X
College FE X X
Major Group FE X
College - Major Group FE X X
CIP4 FE X

Notes: Standard errors clustered at the institution-major level are in parentheses. %
Explained is the percent of the raw earnings difference across groups explained by the
covariates.
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Table 4: White-Hispanic Earnings Differences

H @ B @ 6 (6
Panel A: Earnings 6-10 Years Post-HS

White 1,586 539 256 240 222 190
(245)  (98) (56) (52) (51) (48)
% Explained 66.0% 83.9% 84.9% 86.0% 88.0%
Panel B: Earnings 11-15 Years Post-HS
White 2,728 903 563 588 559 553
(430) (176) (118) (112) (112) (110)
% Explained 66.9% 79.4% 784% T79.5% 79.7%
Panel C: Earnings 16-20 Years Post-HS
White 4,375 1484 1,068 1,154 1,116 1,138
(639) (261) (200) (191) (190) (187)
% Explained 66.1% T75.6% T73.6% T4.5% T74.0%
Controls + HS FE X X X X X
College FE X X
Major Group FE X
College - Major Group FE X X
CIP4 FE X

Notes: Standard errors clustered at the institution-major level are in parentheses. %
Explained is the percent of the raw earnings difference across groups explained by the
covariates.
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Table 5: White-Asian Earnings Differences

(1) (2) (3) (4) () (6)
Panel A: Earnings 6-10 Years Post-HS

White 333 647 506 950 996 970
(426)  (322)  (190) (122) (112) (79)
% Explained -94.3% -52.0% -185.3% -199.1% -191.3%
Panel B: Earnings 11-15 Years Post-HS
White -1,241  -337 -272 607 729 896
(529)  (333)  (234) (231) (281) (284)
% Explained 72.8% 781% 148.9% 158.7% 172.2%
Panel C: Earnings 16-20 Years Post-HS
White -2,916 -1,485 -1,121 277 531 982
(851)  (566)  (494) (492) (547) (530)
% Explained 49.1% 61.6% 109.5% 1182% 133.7%
Controls + HS FE X X X X X
College FE X X
Major Group FE X
College - Major Group FE X X
CIP4 FE X

Notes: Standard errors clustered at the institution-major level are in parentheses. % Explained is
the percent of the raw earnings difference across groups explained by the covariates.
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Table 6: Blinder-Oaxaca Decompositions of Earnings Dif-

ferences Due to Major Choice and Returns to
Major Choice

Panel A: Male-Female
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice  137.6% 32.3%  17.7%
Percent Explained by Major Returns  77.1%  21.6%  19.9%

Panel B: White-Black
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 15.8% 8.9% 4.2%
Percent Explained by Major Returns  61.4%  54.8%  56.6%

Panel C: White-Hispanic
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 22.6%  16.9% 8.9%
Percent Explained by Major Returns 51.0%  40.4%  50.7%

Panel D: White-Asian
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice  271.7% 92.7%  62.1%
Percent Explained by Major Returns 112.5% 118.1% 121.0%

Notes: Percent Explained by Major Choice shows how much of the difference
in earnings across groups would change if women (non-Whites) had the same
distribution of majors as men (Whites). Percent Explained by Major Returns
shows how much of the difference in earnings across groups would change
if women (non-Whites) had the same returns relative to liberal arts as men

(Whites).
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Figure 1: Earnings Returns Over Time Relative to Liberal Arts, by Field and

Quarterly Earnings Relative to Liberal Arts
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Figure 2: Earnings Returns Over Time Relative to Liberal Arts, by Field and

Race
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Figure 3: Quantile Treatment Effects, by Field and Gender
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Figure 4: Quantile Treatment Effects, by Field and Race

Quantile Treatment Effects Estimates
Relative to Liberal Arts, Four-Year Institutions

Quarterly Mean Earnings

Agriculture Biology Business and Economics Communications
O N N
O O O
| O O
TP TS T®
\%@* @Q@* \‘v@w
S S —= S =—
o NN o
@g@ﬂ —— T @QW‘ — 17— @@ﬂ — T S
PP S P TP RS SA S P PP RSP TP RS S P
Percentile Percentile Percentile Percentile
Engineering Architecture Information Tech Sciences
M N M
N N N
‘ﬁz@’ ‘79:@’ ‘79:@’
_ @QQ’ \(’356’ \(’DQQ’
_— S Q —~ SO
— 7 N /’__’// ] -
NN o XN —
@@ﬂ — S @Q@H — (QQ@" —
L PSSO SO RO PR PR DR RO LSOO PR LS
Percentile Percentile Percentile Percentile
Social Sciences Undeclared Vocational
O O N
o N o
o S e
TS N TS
\(’JQQQ’ @QQQ’ \"—’QQQ’
\%@ \QQQW \QQQW S
RS XN == RN —
& S &
) S S S S S e . — F S e S S S S . m— A S S S S S S . —
SRR DRSO S P SRR DDA S SRRSO S P
Percentile Percentile Percentile
White Black Hispanic Asian

46




Online Appendix: Not for Publication
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Log Quarterly Earnings Relative to Liberal Arts

Figure A-1: Mean Log Earnings Over Time, by Field and Gender
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Log Quarterly Earnings Relative to Liberal Arts

Figure A-2: Mean Log Earnings Over Time, by Field and Race
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