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1. Introduction

Gender and racial differences in labor market earnings are substantial, even among workers with
four-year degrees (Bayer and Charles 2018; Blau and Kahn 2017; Chetty et al. 2020; Hirsch and
Winters 2014; Sakamoto, Tamborini, and Kim 2018). In Texas, our data show that men who
attended a four-year college earn 51% more than female college attendees in mid-career, while
White college attendees earn 43% more than Black attendees and 30% more than non-Black
Hispanic college enrollees. In contrast, Asian college attendees earn about 14% more than White
attendees. Majors such as business, computer science, economics, engineering, science, and math
have high average returns (Andrews et al. forthcoming; Arcidiacono, 2004; Hamermesh and
Donald, 2008; Kirkebgen, Leuven and Mogstad 2016), and women and under-represented
minorities (URMSs)! are less likely to major in these fields (Arcidiacono, Aucejo, and Hotz 2016;
Arcidiacono, Aucejo, and Spenner 2012; Black et al. 2008; Dickson 2010; England and Li 2006;
Kugler, Tinsley, and Ukhaneva 2021; Sloane, Hurst, and Black 2021; Turner and Bowen 1999).
College majors thus are a potentially important contributor to post-college labor market
disparities by gender and race/ethnicity.

College major choice can impact earnings differences across groups through two
channels. First, cross-group differences in the distribution of majors can drive earnings
disparities because of the different average 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 subjects that have a lower average return (major choice) or because they
experience a lower return to majoring in certain areas relative to men (major returns). Equalizing
the distribution of majors across groups, as many policy efforts aim to do, will not eliminate
inequalities if this second pathway is substantial.

In this paper, we use linked administrative K-12, postsecondary, and unemployment
insurance earnings records for all public high school graduates in Texas followed for up to 20
years after high school to examine how the distribution of majors and their group-specific returns
contribute to subsequent earnings disparities by gender and race/ethnicity. We document the
distribution of college majors by gender and racial/ethnic group, estimate the group-specific

returns to college major, and conduct Blinder-Oaxaca-Kitagawa decompositions to quantify the

! We use the term “under-represented minorities” to refer to non-Hispanic Black and Hispanic students.
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role of these two channels. Our analyses rely on rich controls for pre-collegiate academic
characteristics, such as test scores and SES, as well as fixed effects for high school and college
attended. These control are the same that were used in Andrews et al. (forthcoming) to estimate
the return to college majors overall and more extensive than the factors accounted for in prior
research studying the contribution of college major choices in the US to gender and racial/ethnic
earnings differences.

We find that the distribution of college majors explains relatively little of mid-career
gender and racial earnings gaps. Early in a career, differences in major choices by gender can
explain 86% of the residual earnings gaps but little of the earnings differences across
racial/ethnic groups. As we examine earnings farther out, the explanatory power of major choice
falls for most groups: by mid-career, differences in college major choice explain just 16% of the
earnings gap by gender, 5% of the White-Black earnings gap, and 10% of the White-Hispanic
earnings gap. In contrast, college major choice explains 63% of White-Asian earnings
differences at mid-career.

On the other hand, we document substantial differences in the returns to college major
across groups, with differences growing over the lifecycle. We define returns as the difference
between earnings in a given major for a specific group and earnings in liberal arts (the reference
category) for that group. Most prior research has implicitly assumed that returns relative to
others in the same group are constant across demographic categories, which has led to a focus on
the differences in major choices as a contributor to earnings gaps among college graduates. But if
women and URMs face lower relative returns in majors with high average earnings, then
differences in major choices will be less important for explaining earnings gaps.

Focusing on STEM and higher earning fields (biology & health, business, computer
science, engineering, economics, science & math) in mid-career (16-20 years after high school),
we estimate that women experience quarterly returns in each field relative to liberal arts that
range from $1,101 to $4,564 below returns for men, equivalent to 8% to 34% of mean quarterly
earnings for women in our sample during this career stage. Using estimates from Wiswall and
Zafar (2015) of the elasticity of major choice with respect to earnings expectations, we calculate
that under rational expectations and full information 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 students’ returns, Black students’ returns at mid-
career in the fields listed above range from $39 higher to $8,826 lower than for White students (-
0.3% to 70% of mean Black earnings). Hispanic students’ returns are between $2,879 and $6,788
lower than White students’ (21% to 49% of mean Hispanic earnings). Using the Wiswall and
Zafar (2015) estimates, these differences in returns can explain nearly all 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 — between $485 and
$7,127 lower than those for White students (2% to 34% of mean Asian earnings) in engineering,
business, economics, and computer science. Asian students have higher returns than their White
peers in biology & health ($1,848) and science & math ($1,565).

A Blinder-Oaxaca-Kitagawa (Blinder 1973; Oaxaca 1973; Kitagawa 1952)
decomposition shows that differences in group-specific returns to major relative to liberal arts
are more important than differences in the distribution of majors. Differences in returns explain
about one quarter of the gender, White-Black, and White-Hispanic earnings differences at mid-
career. White-Asian differences in returns are in the wrong direction to explain the higher
earnings of Asian students, however.2 While the explanatory power of major choices declines
with potential experience, the role of differential returns either grows or remains large. Hence,
simply equalizing the distribution of majors will have only a small impact on cross-group
earnings differences in the long run. In order to address mid-career gender and racial/ethnic
earnings disaparities, one must equalize the returns to college majors rather than the distribution
of majors.

Finally, we examine potential mechanisms that might explain the lower returns to college
major experienced by women and URM students, including differences in occupation, the
distribution of earnings, labor force participation, college completion, and GPA, along with
mechanical effects of major aggregation. We find the most support for occupational sorting
differences within majors across groups being the core driver of returns gaps. Quantile treatment

effect estimates also suggest that the differneces in returns we estimate occur across the

2 This finding occurs because Asians earn more than Whites on average 16-20 years after college but experience
lower group-specific returns to most majors, even though they are more highly represented in high-earning majors
like economics and engineering.
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distribution, not just at the top. This suggests that our results are not driven by the
underrepresentation of women and URM students in the most high-paying jobs.

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 how they affect the distribution of earnings across groups. Prior research on
earnings effects of majors has focused on average returns (e.g., Arcidiacono 2004; Bleemer and
Mehta 2022; Kirkebgen, Leuven and Mogstad 2016).3 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 across
all students. Our relative contribution is to show how returns vary by race/ethnicity and gender as
well as how these differential returns impact the evolution of earnings disparities 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, shows that college major choices can explain a large portion of the gender wage gap.
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 earnings differences. Our results point to differential refurns to college major as an
important driver of earnings disparities by gender and race/ethnicity. This explanation for
earnings differences has received little prior attention in the literature, and few studies have
estimated differences in group-specific returns to major.* Our results suggest that differential
returns by race/ethnicity and gender can explain a substantial proportion of cross-group earnings
differences among college attendees.

Third, we provide a new potential explanation for the persistent under-representation of

women and URM students in fields with high average returns, like engineering and economics.

3 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 field of study.

4 Brown and Corcoran (1997) is one exception. Using a similar decomposition approach applied to workers in the
SIPP and NLSY79, they find that majors explain a sizeable share of the gender wage gap and that women
experience lower returns to completing high-return majors. They do not estimate how these differential returns
contribute to the gender earnings gap, however, nor do they examine differences by race/ethnicity.
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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, economics, computer science, science & math, and engineering. Efforts to shift the
major choices of under-represented groups to these fields may be unsuccessful if the role of

differential returns is not addressed first.

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

Our paper contributes to a large body of prior work that explores the sources of differences in
earnings by gender. Blau and Kahn (2017) provide a comprehensive review of gender wage gap
research, showing 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 (Brown and Corcoran, 1997; Black et al. 2008; England
and Li 2006; Dickson 2010; Gemici and Wiswall 2014; Kugler, Tinsley, and Ukhaneva 2021;
Sloane, Hurst, and Black 2021; Turner and Bowen 1999). 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-

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.
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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. Machin and Puhani (2003) show that college
major explains a substantial portion of the gender wage gap in England and Germany, as do
Britton, Dearden, and Waltmann (2021). Hagglund (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. 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, most of 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 with unobserved labor market productivity. We take a
selection on observables approach to addressing selection into field of study, using a rich set of
pre-collegiate, demographic, and academic achievement measures as well as high school and
college fixed effects. These controls are the same as those used in Andrews et al. (forthcoming),
which is the most comprehensive analysis of the returns to college majors in the US to date. We
thus provide the first estimates in the US of how major choice affects gender earnings gaps that
credibly account for selection into field of study.

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 are smaller than for men, especially in fields that have high earnings, such as



engineering, computer science, business, and economics.® In the most similar prior study, Brown
and Corcoran (1997) find that majors explain a sizeable share of the gender wage gap and that
women earn lower returns for completing high-return majors, though many of their major-
specific estimates are imprecise due to the use of small survey samples. They do not estimate
how much of the gender earnings gap can be attributed to these differential returns, which is a
central focus of our study.
b. Race/Ethnicity

Much research has focused on documenting and understanding trends in earnings disparities
between Black and White workers as well as between Hispanic and White workers in the US.
Existing studies focus either on average earnings differences or on parts of the earnings
distribution that are unlikely to be populated by college graduates (Antman, Duncan, and Trejo
2023; Bayer and Charles 2018; Chetty et al. 2020; Hirsch and Winters 2014; Kospentaris and
Stratton 2021). Using US Tax data, Bayer and Charles (2018) document a median White-Black
earnings gap of about 50% in 2014. They also document an earnings difference of 39% at the
90t percentile of the distribution, which is one of the few data points on White-Black earnings
differences among those likely to have a college degree. Antman, Duncan, and Trejo (2023)
report mean White-Black earnings differences of 47% and 17% among men and women,
respectively, and White-Hispanic 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 (Antman, Duncan, and Trejo 2023; Zhou and Pan 2023) or on pre-market educational
achievement measures (Neal and Johnson 1996). Despite concerns that URM students are
particularly under-represented in technical fields, to our knowledge no research exists on how

major choice impacts racial/ethnic earnings differences among college attendees.

¢ This finding aligns with Sloane, Hurst, and Black (2021) and Corbett and Hill (2012), 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.
Relatedly, Altonji and Zhu (2025) show that women receive higher returns than men to majoring in engineering and
business using GPA cutoffs in Texas. Their findings are relative to second choice majors, however. Adjusting for
the difference between second choice majors between men and women, their results align with ours in showing
lower returns for women to these majors relative to liberal arts.
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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 (2024) 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 than White students in majors where
average earnings are high, differences in major representation have only a small impact on racial
and ethnic earnings gaps. Instead, our results point to a larger role for differential returns within
majors across racial/ethnic groups in explaining earnings gaps among college attendees.

Finally, we examine differences in earnings between White and Asian workers. White-Asian
earnings differences have not been a focus of prior research. We provide new evidence on
differences in earnings between White and Asian workers as well as the role of college choice,

pre-collegiate academic achievement, and field of study on these earnings differences.

III.  Data and Descriptive Statistics

a. Data
We estimate the labor market returns to college majors by sex and gender for a half-million
students 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 1996-2005 who enrolled in a four-year institution in the state. To
capture the most salient postsecondary experience to employers when students end their

education, we assign students to an institution and major based first on their highest degree



earned and then based on their most recent enrollment. Any students who earn a bachelor’s
degree (BA or BS) at a Texas institution are included in the sample. Students who earned an
associate’s degree (AA or AS) but no bachelors 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 those students’ associate’s degrees will be more salient to employers than their
four-year enrollment that did not lead to a credential. Students who do not earn a bachelors 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. Focusing on college attendees rather than completers also ensures that
we do not endogenously restrict our sample, as major choice itself could impact completion. We
provide results for completers only in the online appendix and show that they are similar.

Students’ majors are assigned 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 14
major groups based on a combination of their specific 2- and 4-digit CIP codes’ — agriculture,
architecture, biology & health, business, communications, computer science, economics,
engineering, interdisciplinary studies,? liberal arts, sciences & math, social science (excluding
economics), vocational, 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 the last
quarter of 2023 for every person who works in Texas, except for those who work for the Federal
Government, the postal service, or are self-employed and thus are not covered by the state
unemployment insurance system. Hence, we cannot distinguish between those who are

unemployed, self-employed, not in the labor force, or working outside of Texas.!? In general,

7 The components of each major grouping can be found at the end of Online Appendix A (Table A-19).

8 During the time these students were enrolled, Texas did not have a formal education major — students would take
certain classes to qualify for a teaching certification and major in some other field. Most of these students, however,
majored in “interdisciplinary studies,” and thus we consider this to be a proxy for education majors.

° Students must declare a major to graduate, so undeclared students are comprised entirely of those who do not
complete a four-year degree in Texas.

10 Federal and postal employment are only a small portion of the Texas workforce, accounting for 1.9% of the
workforce in January, 2025 (US Bureau of Labor Statistics, 2025). We thus assume that individuals with missing
earnings data are either unemployed, out of the labor force, or work in a different state.
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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),
likely because there is relatively low out-migration from Texas (Foote and Stange, forthcoming).
We focus on earnings in three potential experience ranges: 6-10, 11-15, and 16-20 years after
high school graduation.

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 observed
non-zero earnings record. This excludes any periods of non-employment immediately after
school and at the end of our sample, which would capture those who have permanently left the
state. We also exclude quarters in which students are enrolled in a postsecondary institution in
Texas, which helps to ensure that we are not attributing low earnings during undergraduate or
graduate enrollment to the major. While we are unable to observe enrollment in schools outside
of Texas, this would bias our estimates only to the extent that some majors differentially sort to
such institutions relative to in-state institutions for graduate study. Finally, we restrict earnings
observations to at least 6 years after high school graduation to ensure that students have
sufficient time to complete an undergraduate course of study.

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. Hence, we may
miss some labor market exit driven by fertility, especially for women. This should reduce our
estimates of the earnings disparities between men and women, especially inthe 11 to 15 and 16
to 20 year potential experience groups when women are the most likely to have children
(Livingston 2015). We show in Online Appendix A (Tables A-12 and A-13) that there is little

scope for differences in the number of quarters worked or in permanently leaving the earnings
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sample to drive our results.!! 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 due to small sample sizes. 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 in these
cohorts were 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 70h-90th
percentiles of the within-high school and year distribution. The Texas Top 10 Percent Plan
provides automatic admission to any postsecondary institution for any student in the top 10% of
their class GPA distribution in these cohorts. We do not observe high school GPA, but these
within-school exam percentiles are highly correlated with whether students are admitted under
the Top 10 Percent Plan (Andrews, Imberman, and Lovenheim 2020).

We further control for whether a student is “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. Finally, we
control for whether a student is economically disadvantaged, defined as being eligible for free or
reduced-price lunch, below the poverty line, or receiving TANF or SNAP.

b. Descriptive Statistics
Table 1 provides descriptive statistics for our analysis sample. The first part of the table presents
evidence on differences in 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 (e.g., business, computer science, economics,
and engineering). There are race/ethnic differences in major choice as well, although they are
smaller in magnitude than the gender differences. Relative to White students, Black and Hispanic

students are less likely to major in business, economics, engineering, and liberal arts but are

T For example, other than for undeclared, the largest difference between male and females in number of quarters
with positive earnings is 5.63 (bio/health) and for race is 3.05 (Asian vs. Hispanic for computer science). When
looking at the likelihood of exiting the earnings sample, the largest gender difference is 0.05 (vocational) and for
race is 0.09 (Black vs. White in Business).
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more likely to major in biology and health and vocational. Critically, while Black and Hispanic
students are under-represented in some technical subjects, they do not on average major in
lower-earnings subjects than their White counterparts. In contrast, Asian students are much more
likely to major in high-earnings subjects than their White counterparts, such as biology & health,
business, computer science, economics, and engineering. These differences in major choice
could explain much of the earnings gaps between Whites and Asians.

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 0.81 sd) and White students having the highest reading scores
(at 0.63 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 role of college majors in explaining earnings gaps.

The bottom of Table 1 shows raw means of earnings by gender and racial/ethnic groups
for each time period post-HS, with male-female and each racial/ethnic group difference relative
to White students shown in Table 2. Aligned with the substantial differences in pre-collegiate
academic achievement and SES, there are large 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 differences are notable. As shown in Table 2, men earn about 11% more than women 6-
10 years after high school, which grows to 51% by 16-20 years after high school. In the early
post-college period, White workers earnings are 25% higher than their Black peers and 18%
higher than their Hispanic peers. They grow to 43% and 30% 16-20 years after high school,
respectively. Relative to Asian workers, White workers earn 5% more in the early period 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.
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Online Appendix Table B-1 replicates Table 2 for a national sample using the American
Community Survey. The patterns align closely with those in Table 2, suggesting that the
disparities we document and our results are likely to be broadly generalizable to the rest of the
United States. We now turn to an examination of the role of college major choice in explaining

these patterns.

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 conditional on
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. 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:
14

Yiscjx = BMale/White; + QX; + Orl(major; = k) + Ocs + Vej + €iscjrs (1)
k=2

where Ys. i 1s an outcome for individual #, from high school s, in high school cohort ¢, attending
postsecondary institution j, and majoring in field k. The coefficient of interest is . When
examining gender, § shows the difference in mean earnings between men and women,
conditional on the observables. When focusing on race/ethnicity, f shows the difference in mean
earnings between White and Black, Hispanic, or Asian college attendees. 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-
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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
amount of information about one’s aptitude. 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 14 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 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 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 decompose earnings differences across groups into the portions due to differential
major selection and differential returns to major. For ease of exposition, we present our approach
for gender differences. The analysis of racial/ethnic differences is similar: we estimate the model
for all racial/ethnic groups together, with Black as the excluded category and interactions for
each of the other racial/ethnic groups and major.

We estimate a version of equation (1) that include interactions between major and Male:
Yiscix = a + BMale; + QX; + 2,1(12 0, I(major; = k) + 2,&2 ¢l (major; = k) * Male; +

Ocs + Yej + Eiscjk- (2)

The coefficients of interest in equation (2) are 8, and ¢;, which quantify the major returns for
men and women. That is, 8;, shows the returns for women of a given major relative to women in

liberal arts (the excluded category), while 6, + ¢, shows the returns for men to a given major
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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 the same amount more than women in every major, then ¢,, = 0 for each £.

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; + 6.5 + V¢j. These are the non-major controls in the model. Taking expectations, assuming
constant coefficients on Z, and keeping i as the only non-major subscript, we can write the

earnings equation for men and women, respectively, as:

14
E(Y|Male) =a+ B+ WE(ZM™)+ ) (6 + ¢ )P(major = k)™ (3)
k=2
14
E(Y|Female) = a + lPE(Z‘:) + Z(Hk)P(major =k)/, (4)
k=2

assuming E (Eisc jk) |Male = E (eisc jk) | Female = 0. The mean earnings difference between men
and women can be written as:
E(Y|Male) — E(Y|female)
=B+ Y[E@ZM - E(ZD)]

14
+ Z[(Hk + ¢ )P(major = k)™ — (6,)P(major = k)’]
k=2
= B +WIEZM - E(Z))]
14
+ [(8), + ¢px)P(major = k)™ — 6,P(major = k)T + (6,
k=2

+ ¢)P(major = k) — (8, + ¢ )P(major = k)]
=B +WP[E@EZ™ - E(Z])]

14
+ > [(6) + ¢p)(P(major = k)™ — P(major = k)/)
k=2
+ (px)P(major = k)']. (5)
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In the last part of equation (5), Y e, (6 + i) [P(major = k)™ — P(major = k)']
shows the effect on earnings differences of equalizing the distribution of majors by gender, and
Yt (¢r)P(major = k)’ shows the effect of equalizing the returns to major, relative to gender-
specific earnings in liberal arts. The unexplained portion is due to the controls included in Z and
factors not included in the model (f). In addition to gender, we conduct these decompositions for
each race/ethnicity compared to Whites.

The assumptions of this Blinder-Oaxaca-Kitagawa 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. 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.

The choice of the excluded category in linear decompositions with categorical variables
is arbitrary and can affect the portion of the earnings gaps explained by differential returns
(Fortin, Lemieux, and Firpo 2011). The results of such decompositions thus are relevant for a
specific counterfactual, in this case the excluded liberal arts major group.'> We argue that this is
a relevant counterfactual for several reasons. First, liberal arts is effectively comprised of
“default” majors many students start in and that include most of the content of a traditional
liberal arts curriculum. The other major groups are more specialized, and thus one can interpret
differences between each major and liberal arts as the returns to specializing in a given area.
Second, the liberal arts major is popular among all groups (see Table 1), making it a relevant
reference category. And third, most of the rest of the literature uses liberal arts majors (in part or

in whole) as the reference category, which makes our results easier to compare with prior work.

12 This would not be the case if we included 8 in the decomposition. However, this coefficient includes both
differential earnings by gender in liberal arts as well as aggregate lower earnings among women across all majors.
Including 8 thus overstates the role of majors, as it attributes all lower earnings among women for reasons that are
unrelated to the other observables to majors. When we include £ in the decompositions, we find that differential
“returns” explain a larger portion of the earnings gaps for race and gender, especially in the second two periods. The
results are qualitatively similar to what we present below, however.
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Using liberal arts as the excluded category is predicated on gender and racial/ethnic
patterns in this major group being similar to what we document for the overall sample. If, for
example, women earned substantially more than men in this major, then relative comparisons
would be hard to interpret. Online Appendix Table A-1 replicates Table 2 for the liberal arts
sample. Aside from women earning slightly more than men in the 6-10 years post-HS period, the
pattern of earnings disparities for liberal arts matches those for the overall sample closely. Most
of the gender and racial/ethnic differences are muted relative to Table 2, however. Hence, as we
show below, the other majors exacerbate the cross-group earnings disparities that exist for liberal
arts majors rather than generating substantively different earnings patterns.

This decomposition provides somewhat different information from the unexplained
cross-group earnings gap analysis. The latter estimates how much of the earnings differences
across groups we can explain with our extensive set of controls, including majors. This type of
analysis is highly sensitive to the order in which you put in variables because of the correlation
structure between the controls. We include majors last, which shows how much of the earnings
gaps residual to background controls, HS fixed effects, and college fixed effects can be
accounted for by majors. This likely understates the importance of majors, since these variables
are correlated with one another. In contrast, the Blinder-Oaxaca-Kitagawa decomposition is
valuable because it allows us to tease out the independent effects of college major and the returns
to college major. The first analysis thus answers the question of how much of the earnings gap
residual to the other controls can be accounted for by college major choices, while the
decomposition answers the question of what earnings differences would look like if we equalized

college major choices or returns across groups.

V. Results
a. Unexplained Cross-group Earnings Gaps
Table 3 presents the f§ estimates from equation (1) for male-female earnings differences. We first
show the raw earnings difference 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 the 13 college major groups on which

we focus. We then explore the role of more finely controlling for major and college type by
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including interactions between college major group and college fixed effects in column (5) and
controlling for CIP4 major fixed effects in column (6). Panel A 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.

Table 3 reports a raw earnings gap of $808 in Panel A, $3,688 in Panel B, and $6,954 in
Panel C. As shown in Table 2, 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 27% in the early period but only by 12%-13% in the later two periods.
Adding college-cohort fixed effects has only a slight effect on explaining the residual earnings
differences, increasing the explained gender earnings gap to 29% in the early period and 14%
and 13% in Panels B and C, respectively. Pre-collegiate academic achievement, SES, and college
type thus explain almost a third of the early-career earnings differences between men and women
but less than one sixth of the gender gap as workers gain experience in the labor market.!3

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, computer science, business, and economics. Including major fixed
effects in column (4) explains 78% of the gap in earnings 6-10 years after high school, which is
an increase of 49% of the explained percentage relative to the other controls. 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 17% of the earnings gap 11-15 years post-HS and 11.6% 16-20 years after high
school, above and beyond what is explained by the other controls. Hence, differences in major
shares 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.

13 Reber et al. (2025) find that differences in high school GPA and course-taking explain a large portion of the
gender gap in postsecondary enrollment. Our results suggest that pre-collegiate academic achievement factors play a
more modest role in determining earnings differences by gender.
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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 earnings 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. Allowing the effect of majors to vary by institution or further
disaggregating majors does not explain more of the earnings differences between men and
women in any time period.

Because women are more likely to take time out of the labor force to have and raise
children, our inclusion of imputed zero earnings may be an important component of these results.
Online Appendix Table A-2 shows estimates using only positive earnings quarters. The results
are almost identical to those in Table 3.

Table 4 provides a similar analysis of racial/ethnic earnings differences, with White-
Black differences in columns (1)-(3), White-Hispanic differences in columns (4)-(6), and White-
Asian differences in columns (7)-(9). We show estimates with no controls, all controls and fixed
effects, and all controls and fixed effects with college major in Table 4. The other specifications
shown in Table 3 for gender are presented for race/ethnicity in Online Appendix Table A-3.

There is a large White-Black raw earnings gap in each period: $1,673 6-10 years after
high school, $3,237 11-15 years after high school, and $5,423 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
and college fixed effects explains about three quarters of the earnings differences in each period.
Most of the Black-White earnings differences thus can be explained by where students attend
college, pre-collegiate 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 (Table A-3). 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
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quality, field of study actually pushes earnings in the direction of reducing the earnings gap. On
average, these results suggest that Black students are not majoring in lower-earnings subjects.

Columns (4)-(6) of Table 4 presents results for White-Hispanic earnings differences.
Hispanic college attendees earn less than White college attendees in each period: $1,285 6-10
years after high school, $2,414 11-15 years after high school, and $4,179 16-20 years after high
school. These differences grow with potential experience, both in levels and proportionally in
relation to mean White earnings. The pre-collegiate controls and college fixed effects explain a
large proportion of these earnings differences, at 97% in Panel A, 84% in Panel B, and 77% in
Panel C. These variables thus explain even more of the Hispanic-White earnings differences than
they do the Black-White earnings differences.

Controlling for college major has little impact on the unexplained portion of the White-
Hispanic earnings gap in any of the relative experience periods. In the earliest period the
explained percentage increases slightly, but it declines in the other two periods. As with the
Black-White comparison, more flexibly controlling for major and controlling for college
program does not increase the explanatory power of majors (Table A-3).

We report results for White-Asian earnings differences in the final three columns of
Table 4. Raw White-Asian earnings differences are positive 6-10 years after high school at $361
and then turn negative (Asians earning more than Whites) at -$1,184 and -$2,972 11-15 and 16-
20 years after high school, respectively. Because Asian students on average have higher pre-
collegiate academic achievement than Whites (Table 2) and attend more-selective universities,
controlling for pre-collegiate observables and college fixed effects reduces the Asian earnings
premium in Panels B and C, explaining 88% and 65% of the earnings gap, respectively, while
the White-Asian gap in Panel A expands. These results show that White students earn more than
Asian students right after college despite having worse pre-collegiate academic achievement and
attending lower-return colleges, while these factors explain most of the higher earnings among
Asian students in 11-15 and 16-20 years after high school.

Asian students are more likely to major in subjects that have higher earnings relative to
their White counterparts. Controlling for college major thus induces all of the White-Asian
earnings differences to be positive, as is the case for White-Black and White-Hispanic gaps.

Hence, for the 11-15 and 16-20 years post-HS groups, major choice more than fully explains the
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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. Aligned with the results for Black and
Hispanic workers, more flexibly controlling for major has little impact on the results and
conclusions (Appendix Table A-3). 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 a non-trivial part of these earnings differences, which
indicates that college majors are far more important in explaining White-Asian earnings gaps
than they are for White-Hispanic and White-Black differences. In the 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 is an important question that is due to factors beyond the scope of this study and that
deserve more attention in subsequent research. Online Appendix Table A-4 shows that these
results and conclusions are robust to only examining positive earnings quarters.

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 the strong assumption that the
earnings refurns to college major — how much more or less someone earns relative to a
counterfactual major — are 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
Figures 1 and 2 show estimates of the 8 and 8, + ¢, from equation (2) by gender.'* 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 these estimates are relative to own-

gender earnings in liberal arts. If, for example, women earn less in every major than men, these

14 Coefficients and standard errors for gender and racial/ethnic differences in returns to major choice are show in
Online Appendix Tables A-5 (6-10 years), A-6 (11-15 years), and A-7 (16-20 years).
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returns will not differ much by gender. No prior work has shown how returns to major choice
vary by gender or race/ethnicity, though gender-specific returns, rather than earnings gaps, are
the relevant factor in students’ choice of major.

Throughout the rest of the paper, we show estimates separately for six higher-earnings
majors (Figure 1: biology and health, business, economics, engineering, computer science, and
science and math) and the six lower-earnings majors (Figure 2: agriculture, communications,
architecture, social sciences, interdisciplinary studies, and vocational).!> Note that STEM majors
are all included in the first group. All estimates are relative to liberal arts, and we exclude
undeclared majors from the figures as they all are college non-completers, though they are
included in the regressions and estimates are provided in the online appendix.

The estimates in Figure 1 show that women experience lower returns versus liberal arts
than men in many high-earning majors and that this gap grows with potential experience. The
differences are large outside of science and math. Average relative returns in each of these areas
are positive and large for both genders, but over time gender gaps grow to be substantial. By 16-
20 years post-HS, male relative returns are $4,564 (38% relative to mean female earnings in
liberal arts) higher in business, $2,871 (24%) higher in economics, $4,046 (34%) higher in
biology & health, $2,614 (22%) higher in computer science, $2,461 (20%) higher in engineering,
and $1,101 (9%) higher in science & math. Right after college, these gaps are much smaller and
in the opposite direction for biology & health and science & math. In the 11-15 year post-HS
period, returns for men grow relative to those for women in business, economics, and computer
science, but they are much smaller than in the 16-20 year period. Hence, women experience
lower long-run returns than men to these fields of study, but these gaps are modest in the period
directly after college.

Substantial gender gaps in returns also are evident for lower-earnings majors, as shown in
Figure 2. For agriculture, architecture, social sciences, interdisciplinary studies, and vocational,
female returns are substantially below those for men 16-20 years after high school. Overall
returns for these majors are lower than those in Figure 1, but the gender gaps still are sizable: 16-

20 years post-HS, returns for women are $4,410 (37%) lower in agriculture, $841 (7%) lower in

15 We use the estimates from Andrews et al. (forthcoming) to split majors in this way. For ease of exposition, we do
not show results for undeclared, but they are presented in the online appendix tables.
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architecture, $1,372 (11%) lower in social science, and $1,765 (15%) lower in interdisciplinary
studies relative to men. The only major in which the return for women is higher than for men is
communications, which is characterized by low overall returns. Aligned with the findings in
Figure 1, the return gap grows substantially as workers age. Hence, the conclusions one can draw
about differential returns to majors by gender depends on when earnings are measured. Shorter-
run earnings estimates tell a different story from those measured farther out from college.

When we use logs to examine proportional differences in Online Appendix Figures A-1
and A-2 we see a more stable pattern of male returns being higher than female returns by a
similar proportion in each period (outside of communications), although the differences are
sometimes more modest in percentage terms (e.g. in economics, engineering, science, and —in
the highest experience group — biology). Nonetheless, the patterns are qualitatively similar and
show that women systematically experience lower returns to higher-paying majors than men. We
focus on earnings levels for two reasons. First, we argue that levels estimates are more
informative as they are proportional to the marginal utility gained from switching majors and
reflect actual purchasing power from major choice. As shown in Andrews et al. (forthcoming),
earnings differences in levels drive utility differences across fields, which are most relevant for
decision making and long-run well-being. Second, proportional earnings differences are hard to
interpret because they come off of different baseline levels. If men and women both experience
similar proportional changes, this would lead women to experience much lower returns in levels
because of their lower base earnings in liberal arts (Online Appendix Table A-1). Examining
differential returns in levels is not dependent on the baseline earnings amounts, making them
easier and more straightforward to interpret.

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 and full information, 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 by 3.3

percentage points (off of a 6.0 pp gap), economics by 2.6 percentage points (off of a 1.2 pp gap),
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engineering by 1.5 percentage points (off of a 6.5 pp gap), computer science by 2.7 percentage
points (off of a 2.5 pp gap), and science & math by 1.7 percentage points (off of a 0.8 pp gap).
Admittedly, most students probably do not have full knowledge about the size of these gaps, and
so we are unlikely to be in a full information environment. It also is likely that elasticities differ
for men and women, which Wiswall and Zafar (2015) do not separately calculate. Nonetheless,
these estimates highlight that the differences in returns experienced by men and women may
explain a substantial proportion of the under-representation of women in many fields.

Similar estimates by racial/ethnic groups are shown in Figures 3 and 4 in levels and in
Online Appendix Figures A-3 and A-4 in logs. Large differences in returns across racial ethnic
groups are apparent. Focusing on White vs. Black student returns, Figures 3 and 4 show that
Black students experience far lower returns than White students in the higher-earning fields of
biology & health, business, computer science, economics, and engineering, and also in
agriculture, communications, and vocational. As with gender, these differences tend to be small
in the earliest period right after college but then expand substantially over time. Black students’
returns 16-20 years after high school are $7,571 less than their White peers in engineering (71%
of mean Black earnings in liberal arts), $4,132 (39%) lower for computer science, $1,099 (10%)
lower for biology & health, $5,780 (55%) lower for business, $8,826 (83%) lower for
economics, $3,080 (29%) lower for agriculture, and $1,765 (17%) lower for vocational 16-20
years after high school. For several majors, such as business, computer science, economics,
engineering, agriculture, and vocational, sizable returns differences are evident 6-10 and 11-15
years after high school as well. Returns experienced by Black students are higher than for White
students in interdisciplinary studies and social sciences.

These differential returns can fully explain 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 (again under rational expectations, homogenous elasticities across race,
and full information) 16-20 years after high school reduce the likelihood Black students major in
business by 4.5 percentage points (off of a 1.8 pp gap), economics by 7.0 percentage points (off
0.6 pp), engineering by 4.2 percentage points (off 2.1 pp), computer science by 4.5 percentage
points (off 0.2 pp), and science and math by less than 0.1 percentage points (off 1.0 pp).

A similar pattern emerges for Hispanic students relative to White students. Hispanic

24



students experience returns relative to their White counterparts that are $810 (7% relative to
mean Hispanic earnings in liberal arts) lower in biology & health , $4,4449 (38%) lower in
business, $2,879 (24%) lower in computer science, $6,788 (58%) lower in economics, $6,288
(53%) lower in engineering, $1,719 (15%) lower in science & math, $1,791 (15%) lower in
agriculture, and $1,904 (11%) lower in vocational 16-20 years after high school. As with prior
comparisons, gaps in these fields tend to expand over the career, with the exception of computer
science, agriculture, and vocational where there are large gaps in all periods. Taken together, the
evidence in Figures 3 and 4 point to large differences in the returns to college major between
these two under-represented minority groups and White students, especially in subjects that have
high average returns for White students. Black and Hispanic students do not experience as much
of the earnings premiums conventionally associated with “high return” fields.

As with Black students, the lower returns experienced by Hispanic students can help
explain their under-representation in several fields. Using the Wiswall and Zafar (2015)
elasticity, returns 16-20 years after high school reduce the likelihood Hispanic students major in
business by 3.5 percentage points (off of a 4.3 pp gap), economics by 5.4 percentage points (off
0.5 pp), engineering by 3.5 percentage points (off 0.5 pp), computer science by 3.1 percentage
points (off 0.4 pp), and science & math by 3.0 percentage points (off 0.3 pp).

Returns to college majors are more mixed for Asian students relative to White students.
For biology & health and sciences & math, Asian students have higher returns than White
students, at $1,848 (11% relative to Asian mean earnings in liberal arts) and $1,564 (9%) 16-20
years post-HS, respectively. Relative returns in computer science are similar for Asian and White
students, while for other majors there is a sizable return gap 16-20 years post-HS favoring White
students: $3,096 (18%) in business, $7,127 (40%) in economics, $3,895 (22%) in engineering,
$3,261 (19%) in agriculture, $2,316 (13%) in architecture, and $3,922 (22%) in communications.
Because Asian students are more likely to major in business, computer science, economics, and
engineering than White students, these differential returns do not contribute to relative White
students’ under-representation in these areas.

The large differences by gender and race/ethnicity in the returns to major beg the
question of whether there are similar differences by gender across racial/ethnic groups. Figures 5

and 6 show returns by gender interacted with race/ethnicity for high- and low-earning majors,
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respectively. Aligned with our prior findings, White men exhibit the largest returns relative to
every other group for most majors. The gender differences for Black, Hispanic, and Asian
students in returns are much smaller, although there is some evidence of larger returns for
Hispanic men relative to Hispanic women in biology & health, business, computer science, and
engineering. The main takeaway from these figures is that across majors, the largest returns to
nearly all non-liberal arts majors flow to White men, and these return gaps grow substantially
from early- through mid-career.

¢. 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 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, relative to liberal arts. We compute
how much of the gender (racial) earnings difference at different ages would change if women
(non-White students) had the same distribution of majors as men (White students) and,
separately, if women (non-White students) had the same returns relative to liberal arts as men
(White students). We use the raw gaps presented in Table 2 as the baseline differences that we
seek to explain using the distribution of and returns to college major.!6 Table 5 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 99% of the small gap in years 6-10 after high school. This indicates that if women had
the same returns to majors and the same major distribution as men, the gender gap would be
eliminated in the years right after college. However, this pattern changes dramatically as we look
further into individuals’ careers when the gender gap increases, driven by a reduction in the role
of major choice. By 16-20 years after high school, the explanatory power of the distribution of
majors drops from 86% to 16% of the earnings gap. In contrast, the explanatory power of

differences in returns to major choice grows over time. By 11-15 years post-HS, the role of

16 We also could perform the same decomposition on the residual earnings gap presented in Tables 3 and 4 and
would reach a similar qualitative conclusion, although the share explained by both the distribution and returns would
be higher since the residual gap is smaller than the raw gap.
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gender differences in the returns to major increases from 13% to 20% in explaining the gender
gap in earnings, which grows further to 26% by 16-20 years after high school. Hence, in the later
period when the earnings gap is large, gender differences in returns is a more important
component of earnings differences than is major choice. The importance of differential returns in
explaining the gender earnings gap has not been closely studied, 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 46% of the raw gender earnings gap 11-15 years post-HS
and 42% 16-20 years after high school. Because the earnings gap increases with age, these
factors explain a larger amount of the raw gender differences in earnings over time even though
they explain a declining proportion of the gap.

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 the Black-White earnings gap. 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 (conditional on the other controls) in Table 4. In contrast, race-specific differences in
the returns to college major relative to liberal arts explain 30% of the Black-White earnings gap
6-10 years after high school, 23% 11-15 years after high school, and 27% 16-20 years after high
school. Hence, if Black students had the relative returns of White students, the earnings gap
would close by about a quarter. Black college students do not benefit as much from studying
“high return” majors such as business, economics, computer science, and engineering (relative to
liberal arts) as White students. 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 studying more specialized college majors by race. Combined, college

major explains 31% to 47% of Black-White earnings differences among college attendees.!”

17 Online Appendix Table A-8 shows decomposition estimates that switch the base category, using women instead
of men and each non-White group instead of Whites. The pattern of results is qualitatively similar, with some
differences in magnitudes. Differences in returns to major have more explanatory power for Black and Hispanic
groups, and the role of major choice has less explanatory power. The role of returns among Asians is reduced
somewhat in the first two earnings periods, while for gender the main difference is in the first earnings period where
the role of returns is smaller and the role of major choice is larger.
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Panel C tells a similar story for White-Hispanic earnings differences. College major
choices explain little of the earnings gaps, from 25% in the earliest period to 10% in the latest
period. As in Panel B, differential returns to college major have much larger explanatory power,
explaining 53% of the Hispanic-White earnings gap 6-10 years, 37% 11-15 years, and 25% 16-
20 years post-HS. Again, because the size of the gap rises with age, the absolute amount
explained by differences in returns grows over time. Equalizing major distributions across White
and Hispanic students would do little to alter earnings differences without equalizing the returns
these students experience. Together, differences in majors and differences in the relative returns
to major explain 34%-78% of the Hispanic-White earnings gap across periods.

The decomposition results thus far in Table 5 have several similarities across groups that
are important to highlight. First, the percentage explained by differences in major choice are
largest right after college, likely because employers do not have information about productivity
from work experience and tenure at this point. This finding suggests that 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 relative to liberal arts become a more empirically
relevant explanation for cross-group earnings differences. Third, the explanatory power of
differential returns tends to grow with potential experience. Fourth, the absolute amount of
earnings differences explained by differential returns grows with age, as the size of the gap
increases substantially for all groups. 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.

The results for White-Asian earnings differences in Panel D differ from those for the
other groups because Asian students major in subjects with higher earnings than their White
peers on average and their average earnings are higher than White students in the second two
periods. The results in Panel D show that both the distribution of majors and the returns to major
are important for explaining these earnings differences, but they move in different directions in
different time periods. In the earliest period, differences in major choices move in the “wrong”
direction for explaining the earnings gap, as White students earn more on average than Asian

students but Asian students major in higher-earning subjects. In the subsequent two periods,

28



differences in major choices explain about 100% and 63% of the earnings differences, since
Asian students earn on average more than White students. The role of differences in returns to
majors is opposite in sign to the effect of major choice in each period. This result occurs because
Asian students receive lower returns to most majors than White students, leading to a positive
effect of return differences in the first period (when the gap is positive) and a negative effect in
the second two periods (when the gap is negative). Put differently, if we equalized the return to
majors between White and Asian students, Asian workers would earn even more than their
White peers than they already do by 40-50% in the 11-15 and 16-20 post-HS periods.

The identification assumption underlying these results are that the controls and fixed
effects are sufficient to address differential selection across groups into majors by potential
earnings. To assess the robustness of our estimates to this assumption, in Online Appendix Table
A-9 we show decompositions that include no controls and fixed effects and in Table A-10 we
show results that include controls but no fixed effects. For gender, the estimates with no controls
are larger than those in Table 5. Adding controls brings the estimates close to those in Table 5,
suggesting that adding the array of fixed effects has little additional explanatory power. This
result is driven by the fact that the controls in our models affect base earnings differences across
groups but have little impact on earnings differences relative to liberal arts. Following the logic
of Oster (2019), this suggests that there is little scope for residual selection in our estimates.

The results for Black and Hispanic (relative to White) decompositions also show larger
explanatory power for majors in the regressions without controls. However, the estimates with
only the control variables are smaller than those in Table 5, indicating that any selection residual
to the control variables but addressed by the college and high school fixed effects go in the
opposite direction. These results again suggest that the scope for residual selection on
unobservables to drive our results is small and in this case potentially biases the estimates
towards zero. For the Asian vs. White decompositions, the estimates are more mixed. Adding in
fixed effects (relative to controls) has a small attenuating effect for the proportion explained by
returns but increases the proportion explained by the distribution of majors. We argue that the
results in Tables A-9 and A-10 reinforce the validity of our approach by showing that selection
on unobservables would have to be much larger than the selection on observables to significantly

bias our estimates.
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VI.  Potential Mechanisms
In this section, we discuss several potential mechanisms that could help explain our results. The
mechanisms on which we focus are: 1) occupation selection, 2) distributional effects, 3) labor
market participation differences across groups, 4) differences in completion, 5) differences in
grade performance, and 6) aggregation of majors. We discuss evidence on each of these
mechanisms in turn below. One important mechanism that we cannot examine is discrimination,
although discrimination in labor markets could lead to differences in labor market participation
or occupation selection and has been shown to influence women’s major choices (Lepage, Li, &
Zafar, 2025).

We start by examining occupational choice. The Texas administrative data do not contain
information on occupation, so we turn to the American Community Survey (ACS). We use a
national sample of college graduates from the 2009-2023 ACS who were 18 (and thus likely to
graduate from high school) between 1996 and 2002 and were aged 24-38 when observed. These
sample restrictions were imposed to align the ages and cohorts of the ACS sample with those
examined in the Texas data, and we use a national, rather than state, sample to maximize
statistical power.

We first calculate the raw difference in earnings in each time period relative to high
school graduation between each major group and liberal arts for each demographic group. This is
akin to the returns to college major calculated above, but without any controls. Despite the lack
of controls, the same general patterns of lower relative returns for women, Black, and Hispanic
students shown in Figures 1-4 are evident in these data. We next construct a counterfactual
earnings difference that shows how relative earnings would change if we equalized the
distribution of occupations between men and women and between White and non-White workers
within each major, but holding the average earnings of each occupation fixed. Online Appendix
B provides more information about the sample construction and this decomposition.

The results for earnings 16-20 years after likely high school graduation are shown in
Online Appendix Table A-11, where we provide the actual differences and a counterfactual in

which the occupational distributions are equalized.'® These results provide suggestive evidence

18 Estimates for 6-10 and 11-15 years after likely high school graduation are shown in Online Appendix Tables B-2
and B-3, respectively. Recall that Table B-1 shows mean earnings differences across groups and age for this national
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that occupational choices are critical to understanding differences in major returns across groups.
For example, in economics, male relative earnings are $6,013 higher than women’s, and this
difference is reduced to $488 (92%) if we were to equalize occupational choices by gender for
economics majors. Similar effects are evident for White-Black (87%) and White-Hispanic (88%)
earnings differences in economics. More generally, for business, economics, engineering, and
computer science, occupational differences across groups can explain most of the relative
earnings differences across groups by major. For biology & health, occupational differences
explain over 100% of the male-female relative earnings differences but do not explain any of the
White-Black or White-Hispanic differences. Outside of this major for these groups, differences
in occupation conditional on major explain a large proportion of the lower returns experienced
by women and non-White workers.

This evidence is only suggestive, since we are unable to control for pre-collegiate
academic achievement and high school and college fixed effects as in our main results.!®
However, they indicate that occupation choices are a main driver of differential returns to college
major. Understanding why occupational choices vary so much by race/ethnicity and gender
within major is an important direction for future work.

Ultimately, we find that occupation choice is the only mechanism out of the possibilities
listed above that explains a substantial portion of earnings gaps by gender or race/ethnicity.
Turning to the other mechanisms, we start by examining distributional effects. The occupational
differences could be due to high earners, which would mean that differential access to specific
lucrative occupations is driving our results. We estimate unconditional quantile treatment effect
(QTE) models that include the same control set used in our main estimates. The QTE models are
estimated separately by gender and racial/ethnic group, comparing the (adjusted) distribution of
earnings in each major to liberal arts within group.

Online Appendix Figures A-5 and A-6 show QTE estimates by gender and Figures A-7

and A-8 shows estimates by race/ethnicity. Two important patterns emerge from these data. First,

sample, The raw earnings differences align closely with those in Table 2, suggesting that the patterns we show in
Texas generalize to the U.S.

19 As discussed in Appendix B, we use SOC2 codes for occupations. Even at this relatively high level of
aggregation, differences in occupation choice within major explain most of the cross-group differences in returns.
We are unable to use less-aggregated occupation codes (e.g., SOC4) because within major and each demographic
group many of the sample sizes for disaggregated occupations are too small.
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for most majors and groups, differences in earnings appear throughout the distribution and do not
spike at the top. This suggests that the returns differences we document are not driven by top
earners. Second, the returns for women and for Black/Hispanic workers are low throughout
much of the distribution. Hence, the mean returns come with substantial ex-ante risk for these
populations, as a randomly chosen student is unlikely to experience those returns. Combined
with the occupation decompositions, the QTE estimates suggest that earnings returns are driven
by broad differences in occupation decisions by gender and race/ethnicity rather than being
determined by decisions of top earners alone.

Next, we examine differences across groups in labor market participation. We estimate
equation (4) using labor market participation measures as the dependent variable. Online
Appendix Table A-12 shows the effect of major choice by gender and race/ethnicity on the
number of quarters one is in the earnings sample, while Online Appendix Table A-13 shows the
effect of major choice by group on the likelihood of leaving the earnings sample. Both tables
show that there are no large differences by gender or race/ethnicity in the in-state relative labor
force participation across majors, suggesting that any bias from differential selection into the
earnings sample by major and group is likely to be small.?°

Fourth, we examine the role of college completion: if women or URM students are less
likely to complete college when they are enrolled in more technical majors, it could explain their
lower returns. Online Appendix Tables A-14 through A-16 show estimates of the relative return
to college majors by group among those who obtain a four-year college degree in our sample. In
general, the estimates are similar to those for the full sample and indicate that completion
differences across groups and majors cannot explain our results. To summarize these estimates
and compare them with the baseline results, we calculate the ratio of the male-female (White-
non-White) relative return difference for the completer sample versus the overall sample. This is
effectively the percent difference between the completer sample and the overall sample in the
difference in the relative returns across groups. We show the average across all majors and the

average for high-earning majors: computer science, engineering, science & math, biology &

20 Note that any overall participation differences between groups will be captured by the omitted major category;
indeed, women in liberal arts have lower participation rates than men but this does not systematically differ across
majors relative to men.
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health, business, and economics. Ratios less than one align with differences in completion rates
explaining some of the lower returns experienced by women and non-Whites.

The estimates generally are close to one, and in many cases are more than one,
suggesting that differences in completion rates exacerbate the differences in returns that we
document. There are some notable exceptions, however. Lower completion rates for Black
students explain about 25% of the lower returns experienced by Black students 6-10 years after
high school and explain 42% of the lower returns in high-earning majors. Lower completion
likelihoods among Hispanic students in high-earning majors explains about 18% of the return
difference relative to Whites in this period as well. A smaller but still notable amount of these
gaps in the 11-15 year period also is explained by completion. However, by 16-20 years after
high school, differences in completion rates do not explain any of the differences in returns
across racial/ethnic groups. Hence, differences in completion likelihoods can only explain some
of the early career racial/ethnic major returns differences and none of the gender differences.

Though primarily not driven by completion, the lower returns to college major
experienced by women and URM students could be due to lower academic performance more
generally. To examine this possibility, we estimate how major choice affects students’ final
grade point average, separately by gender and race/ethnicity. To drive our results, it would have
to be the case that women or URMs in higher-earning majors have lower GPAs relative to those
in liberal arts. We estimate a version of equation (2), using final GPA?! as the dependent variable
rather than earnings. Online Appendix Table A-17 presents the results. The differences in GPAs
(relative to liberal arts) across groups are minor, typically less than 0.1 of a GPA point,
indicating that this is unlikely to be a central explanation for our results.

A final potential mechanism is major aggregation: within our aggregate major categories,
there may be cross-group differences in specific majors that translate to differences in returns.
Note that the results in Tables 3 and A-3 suggest that this is not the case, as our estimates are
robust to controlling for CIP-4 majors. In Online Appendix Table A-18, we conduct linear
decompositions (equation 5) using CIP-4 majors rather than aggregate majors. We exclude any

major with fewer than 30 individuals in each subgroup, which alters the baseline sample. Hence,

21 The Texas Data do not directly provide a final GPA. We calculate a students’ GPA as the summation of all grade
points earned divided by the number of hours scheduled up until graduation. If a student has not graduated, then
their GPA is calculated using all years observed.
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we show the raw differences as well as the decomposition results using aggregate major groups
for this sample. The results are similar to baseline, and the decompositions using more detailed
majors align closely with the results that use aggregate major groups. These results suggest that

our results and conclusions are not driven by aggregation.

VII. Conclusion
Using education and workforce administrative data from 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 cross-group earnings gaps in three post-college periods: 6-10, 11-15, and 16-20 years
after high school. We document how earnings gaps evolve in our data among those who attend a
four-year college in Texas and how major choices impact earnings disparities as workers age.

We focus on two dimensions along which major choices can impact earnings differences
across groups: differences in major choices per se and differences in major returns (relative to
liberal arts) experienced by different groups. We present evidence that women experience much
lower relative returns to high-earnings majors than do men, such as in computer science,
engineering, business, economics, and biology & 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
relative to liberal arts 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 about a quarter of the
gender, White-Black, and White-Hispanic earnings disparities and move in the wrong direction
to explain White-Asian earnings differences. Major choices and differential returns together

explain 42% of the gender earnings gap, 31% of the White-Black earnings gap, 35% of the
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White-Hispanic earnings difference, and 17% of the White-Asian earnings difference. Hence,
college majors are an important determinant of earnings inequality by gender and race/ethnicity,
with differential returns to major playing a large role especially as workers age. Finally, we
present suggestive evidence that differences in occupation selection conditional on major is a key
driver of differential returns by gender and racial/ethnic groups.

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
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, although our
results also show that differences in returns occur throughout the earnings distribution and are
not just driven by high earners. Future work that 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

OREE) ® @ 6 ©
Variable Male  Female White  Black Hispanic  Asian
Agriculture 0.046 0.023 0.048 0.008 0.010 0.003
Architecture 0.012 0.009 0.012 0.007 0.008 0.009
Biology & Health 0.060 0.118 0.080 0.108 0.101 0.178
Business 0.220 0.160 0.193 0.175 0.150 0.281
Communications 0.040 0.055 0.051 0.053 0.040 0.038
Comp Sci 0.029 0.004 0.015 0.013 0.011 0.034
Economics 0.016 0.004 0.010 0.004 0.005 0.025
Engineering 0.079 0.014 0.043 0.022 0.038 0.086
Interdisciplinary Studies 0.020 0.125 0.082 0.062 0.090 0.028
Liberal Arts 0.125 0.135 0.142 0.102 0.123 0.078
Science & Math 0.023 0.015 0.020 0.010 0.017 0.023
Social Science 0.074 0.141 0.112 0.128 0.107 0.093
Vocational 0.109 0.053 0.073 0.118 0.084 0.030
Undeclared 0.156 0.150 0.125 0.194 0.222 0.115
Double Major 0.007 0.008 0.007 0.004 0.006 0.021
Female — — 0.548 0.610 0.587 0.513
White 0.645 0.613 — — — —
Black 0.087 0.107 — — — —
Hispanic 0.207 0.230 — — — —
Asian 0.058 0.048 — — — —
Math Exam Score 0.647 0.487 0.679 0.062 0.371 0.808
(0.670)  (0.709) (0.608) (0.821)  (0.746)  (0.607)
Reading Exam Score 0.504 0.521 0.627 0.191 0.346 0.472
(0.602)  (0.581) (0.497)  (0.710)  (0.655)  (0.684)
Top Ten Percent Math 0.287 0.207 0.281 0.084 0.167 0.392
(0.452)  (0.405) (0.449)  (0.277)  (0.373)  (0.489)
70th-90th Percentile Math 0.316 0.289 0.331 0.193 0.262 0.314
(0.465)  (0.453) (0.470) (0.394)  (0.440)  (0.464)
Top Ten Percent Reading 0.251 0.259 0.307 0.116 0.171 0.264
(0.434) (0.438) (0.461) (0.321)  (0.376)  (0.441)
70th-90th Percentile Reading 0.303 0.301 0.328 0.224 0.264 0.290
(0.459)  (0.459) (0.470)  (0.417)  (0.441)  (0.454)
At Risk 0.174 0.17 0.109 0.312 0.292 0.155
(0.379)  (0.376) (0.312) (0.463)  (0.454)  (0.362)
Limited English Profiency 0.005 0.005 0.000 0.001 0.017 0.022
(0.071)  (0.073) (0.016) (0.031)  (0.130)  (0.148)
Economically Disadvantaged 0.149 0.173 0.036 0.297 0.463 0.184
(0.356)  (0.376) (0.187)  (0.457)  (0.499)  (0.388)
Earnings 6-10 Years Post-HS 8,351 7,543 8,365 6,693 7,080 8,004
(7408)  (5840) (6878)  (6504) (5390) (7115)
Earnings 11-15 Years Post-HS 14,283 10,595 13,024 9,787 10,610 14,208
(13494) (12647) (14907) (10165)  (8096)  (12239)
Earnings 16-20 Years Post-HS 20,476 13,521 17,962 12,539 13,783 20,934
(22617) (11797) (19927)  (9538)  (12113) (20946)
Observations 216,953 277,469 310,293 48,756 108,535 25,765

Notes: Standard Deviations in parentheses.
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Table 2: Gender and Racial/Ethnic Differences in Earnings over Time

(1) (2) (3) (4) () (6)
Earnings Period Male Female White Black Hispanic  Asian
Earnings 6-10 Years Post-HS 8,351 7,543 8,365 6,693 7,080 8,004
(808) (1,673)  (1,285) (361)
10.7% 25.0% 18.1% 4.5%
Earnings 11-15 Years Post-HS 14,283 10,595 13,024 9,787 10,610 14,208
(3,688) (3,237)  (2,414)  (-1,184)
34.8% 33.1% 22.7% -8.3%
Earnings 16-20 Years Post-HS 20,476 13,521 17,962 12,539 13,783 20,934
(6,954) (5,423)  (4,179) (-2,972)
51.4% 43.2% 30.3% -14.2%

Notes: The table displays mean earnings in each period from Table 1. The difference between male-female
and between White and each racial/ethnic group is in parentheses, with the percent difference in earnings
relative to the non-male/non-White mean shown in each third row.
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Table 3: Male-Female Earnings Differences

O @ 6 @ 6

(6)

Panel A: Earnings 6-10 Years Post-HS

Male 808 588 573 176 203 201
(201) (153) (133)  (83) (84) (62)
% Explained 27.2% 29.1% 782% T4.9% T75.1%
Panel B: Earnings 11-15 Years Post-HS
Male 3,688 3,228 3,180 2,545 2,569 2,410
(349) (270) (244) (190) (198) (184)
% Explained 12.5% 13.8% 31.0% 30.3% 34.7%
Panel C: Earnings 16-20 Years Post-HS
Male 6,954 6,142 6,062 5,254 5,299 5,013
(555) (434) (409) (365) (379) (362)
% Explained 11.7% 12.8% 24.4% 23.8% 27.9%
Controls + HSxCohort FE X X X X X
College x Cohort FE X X
Major Group FE X
CollegexMajor 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: Blinder-Oaxaca-Kitagawa Decompositions of Earn-
ings Differences 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 ~ 86.1%  26.0% 15.9%
Percent Explained by Major Returns  12.8%  19.7%  26.2%

Panel B: White-Black
Years after High School
6-10 11-15  16-20
Percent Explained by Major Choice 16.2% 8.6% 4.5%
Percent Explained by Major Returns  30.4%  22.8%  26.8%

Panel C: White-Hispanic
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 254%  16.4%  10.0%
Percent Explained by Major Returns  53.1%  36.7%  24.5%

Panel D: White-Asian
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice -176.6% 101.7% 63.1%
Percent Explained by Major Returns  43.3%  -41.6% -46.3%

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
Gender — High Average Earnings Majors

Biology Business Computer Science

Economics Engineering Sciences

Quarterly Earnings Relative to Liberal Arts

61010 11to 15 16 to 20 61010 11to 15 16 to 20 610 10 11to 15 16t0 20
Years After HS Graduation

Female -e- Male

Notes: All estimates are relative to same gender liberal arts majors and include controls for high school test
scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects. Outcomes are
in dollars of quarterly earnings ($2016). Standard errors clustered at the institution-major level, and error
bars represent the 95% confidence interval.
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Figure 2: Earnings Returns Over Time Relative to Liberal Arts, by Field and
Gender — Low Average Earnings Majors

Agriculture Architecture Communications

Interdisciplinary Studies Social Sciences Vocational

Quarterly Earnings Relative to Liberal Arts

61010 11to 15 16 to 20 61010 11to 15 16 to 20 610 10 11to 15 16t0 20
Years After HS Graduation

Female -e- Male

Notes: All estimates are relative to same gender liberal arts majors and include controls for high school test
scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects. Outcomes are
in dollars of quarterly earnings ($2016). Standard errors clustered at the institution-major level, and error
bars represent the 95% confidence interval.
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Figure 3: Earnings Returns Over Time Relative to Liberal Arts, by Field and
Race — High Average Earnings Majors

Biology Business Computer Science

Economics Engineering Sciences

Quarterly Earnings Relative to Liberal Arts

61010 11to 15 16 to 20 61010 11to 15 16 to 20 610 10 11to 15 16t0 20
Years After HS Graduation

White -e- Black —e- Hispanic Asian

Notes: All estimates are relative to same race/ethnicity liberal arts majors and include controls for high
school test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects.
Outcomes are in dollars of quarterly earnings ($2016). Standard errors clustered at the institution-major
level, and error bars represent the 95% confidence interval.
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Figure 4: Earnings Returns Over Time Relative to Liberal Arts, by Field and

Quarterly Earnings Relative to Liberal Arts

Race — Low Average Earnings Majors

Agriculture Architecture

Interdisciplinary Studies Social Sciences

61010 11to 15 16 to 20 61010 11to 15 16 to 20
Years After HS Graduation

White -e- Black —e- Hispanic Asian

6to 10

Communications

Vocational

11to 15 16 to 20

Notes: All estimates are relative to same race/ethnicity liberal arts majors and include controls for high
school test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects.
Outcomes are in dollars of quarterly earnings ($2016). Standard errors clustered at the institution-major
level, and error bars represent the 95% confidence interval.
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Figure 5: Earnings Returns Over Time Relative to Liberal Arts, by Field and
Gender x Race/Ethnicity — High Average Earnings Majors

Biology Business Computer Science
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Notes: All estimates are relative to same gender and race/ethnicity liberal arts majors and include controls for
high school test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects.
Outcomes are in dollars of quarterly earnings ($2016). Standard errors clustered at the institution-major
level, and error bars represent the 95% confidence interval.
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Figure 6: Earnings Returns Over Time Relative to Liberal Arts, by Field and
Gender x Race/Ethnicity — Low Average Earnings Majors

Agriculture Architecture Communications

Interdisciplinary Studies Social Sciences Vocational

Quarterly Earnings Relative to Liberal Arts
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Notes: All estimates are relative to same gender and race/ethnicity liberal arts majors and include controls for
high school test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects.
Outcomes are in dollars of quarterly earnings ($2016). Standard errors clustered at the institution-major
level, and error bars represent the 95% confidence interval.
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Figure A-1: Log Earnings Returns Over Time, by Field and Gender — High
Average Earnings Majors

Biology Business Computer Science

Economics Engineering Sciences

Log Quarterly Earnings Relative to Liberal Arts

61010 11to 15 16 to 20 61010 11to 15 16 t0 20 610 10 11t0 15 16t0 20
Years After HS Graduation

Female -e- Male

Notes: All estimates are relative to same gender liberal arts majors and include controls for high school
test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects. Outcomes
are the natural log of dollars of quarterly earnings ($2016). Standard errors clustered at the
institution-major level, and error bars represent the 95% confidence interval.
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Figure A-2: Log Earnings Returns Over Time, by Field and Gender — Low

Log Quarterly Earnings Relative to Liberal Arts

Average Earnings Majors

Agriculture Architecture

Interdisciplinary Studies Social Sciences

61010 11to 15 16 to 20 61010 11to 15 16 t0 20
Years After HS Graduation

Female -e- Male

6to 10

Communications

Vocational

11to 15 16to 20

Notes: All estimates are relative to same gender liberal arts majors and include controls for high school
test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects. Outcomes
are the natural log of dollars of quarterly earnings ($2016). Standard errors clustered at the

institution-major level, and error bars represent the 95% confidence interval.
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Figure A-3: Log Earnings Returns Over Time, by Field and Race — High Average
Earnings Majors

Biology Business Computer Science
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Years After HS Graduation
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Notes: All estimates are relative to same race/ethnicity liberal arts majors and include controls for high
school test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects.
Outcomes are the natural log of dollars of quarterly earnings ($2016). Standard errors clustered at the
institution-major level, and error bars represent the 95% confidence interval.

93



Figure A-4: Log Earnings Returns Over Time, by Field and Race — Low Average
Earnings Majors

Agriculture Architecture Communications

Interdisciplinary Studies Social Sciences Vocational

Log Quarterly Earnings Relative to Liberal Arts

61010 11to 15 16 to 20 61010 11to 15 16 t0 20 610 10 11t0 15 16t0 20
Years After HS Graduation

White —e— Black —e- Hispanic Asian

Notes: All estimates are relative to same race/ethnicity liberal arts majors and include controls for high
school test scores, student demographics, HS-by-cohort fixed effects, and college-by-cohort fixed effects.
Outcomes are the natural log of dollars of quarterly earnings ($2016). Standard errors clustered at the
institution-major level, and error bars represent the 95% confidence interval.

o4



Figure A-5: Quantile Treatment Effects, by Field and Gender — High Average

Earnings Majors

Quantile Treatment Effects Estimates
Relative to Liberal Arts, Four-Year Institutions
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Notes: Figure shows quantile treatment effects for each major relative to same gender liberal arts majors.
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All estimates include controls for high school test scores, student demographics, HS-by-cohort fixed effects,

and college-by-cohort fixed effects. Outcomes are in dollars of quarterly earnings ($2016). The solid curve

shows quantile treatment effects for each decile from the 10" to the 90" percentile. The shaded region
shows the 95% confidence interval, calculated using a block bootstrap at the institution-major level.
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Figure A-6: Quantile Treatment Effects, by Field and Gender — Low Average
Earnings Majors

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

Agriculture Architecture Communications
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Notes: Figure shows quantile treatment effects for each major relative to same gender liberal arts majors.
All estimates include controls for high school test scores, student demographics, HS-by-cohort fixed effects,
and college-by-cohort fixed effects. Outcomes are in dollars of quarterly earnings ($2016). The solid curve
shows quantile treatment effects for each decile from the 10" to the 90" percentile. The shaded region
shows the 95% confidence interval, calculated using a block bootstrap at the institution-major level.
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Figure A-7: Quantile Treatment Effects, by Field and Race — High Average
Earnings Majors

Quantile Treatment Effects Estimates
Relative to Liberal Arts, Four-Year Institutions
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Notes: Figure shows quantile treatment effects for each major relative to same race/ethnicity liberal arts
majors. All estimates include controls for high school test scores, student demographics, HS-by-cohort
fixed effects, and college-by-cohort fixed effects. Outcomes are in dollars of quarterly earnings ($2016). The
solid curve shows quantile treatment effects for each decile from the 10" to the 90" percentile. The
shaded region shows the 95% confidence interval, calculated using a block bootstrap at the
institution-major level.
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Figure A-8: Quantile Treatment Effects, by Field and Race — Low Average
Earnings Majors

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

Agriculture Architecture Communications
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Notes: Figure shows quantile treatment effects for each major relative to race/ethnicity liberal arts majors.
All estimates include controls for high school test scores, student demographics, HS-by-cohort fixed effects,
and college-by-cohort fixed effects. Outcomes are in dollars of quarterly earnings ($2016). The solid curve
shows quantile treatment effects for each decile from the 10" to the 90" percentile. The shaded region
shows the 95% confidence interval, calculated using a block bootstrap at the institution-major level.
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Table A-2: Male-Female Earnings Differences - Exclude Zero Earn-
ings Periods

m 2 6 @& (6 (6
Panel A: Earnings 6-10 Years Post-HS

Male 1,015 770 756 326 346 350
(213) (160) (139)  (84) (85) (64)
% Explained 24.1% 255% 67.9% 65.9% 65.5%
Panel B: Earnings 11-15 Years Post-HS
Male 3,820 3,305 3,247 2,596 2,622 2,472
(360) (274) (246) (192) (201) (184)
% Explained 13.5% 15.0% 32.0% 31.4% 35.3%
Panel C: Earnings 16-20 Years Post-HS
Male 6,980 6,107 6,009 5,200 5,249 4,968
(559)  (427) (399) (357) (371) (345)
% Explained 12.5% 13.9% 255% 24.8% 28.8%
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 A-3: Racial/Ethnic Earnings Differences, Additional Specifications

n @2 6 @ (5) (6) (7) (8) (9)
White-Black White-Hispanic White-Asian
Panel A: Earnings 6-10 Years Post-HS

White 762 498 498 233 5 -26 793 1,242 1,203
(131)  (85)  (82)  (93)  (53)  (50)  (309)  (106) (72)
% Explained 545% 70.2% 70.2% 81.9% 100.4% 102.0% -119.7% -244.0% -233.2%

Panel B: Earnings 11-15 Years Post-HS

White 1,338 1,038 1,067 668 402 406 -228 842 1,005
(200) (130) (132) (157) (101)  (100)  (322)  (234)  (237)
% Explained 58.7% 67.9% 67.0% 72.3% 83.3% 83.2% 80.7% 171.1%  184.9%

Panel C: Earnings 16-20 Years Post-HS

White 2,058 1,638 1,722 1,293 1,032 1,065 -1,451 537 1,011
(286) (188) (192) (239)  (165) (166) (557) (489) (490)

% Explained 62.1% 69.8% 68.2% 691% 75.3% T4.5%  51.2%  118.1%  134.0%

Controls + HSxCohort FE X X X X X X X X X

Collegex Cohort FE X X X X X X

CollegexMajor FE X X X

CIP4 FE X X 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 A-4: Racial/Ethnic Earnings Differences - Exclude Zero Earnings
Periods

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

White 1,868 822 506 565 554 516
(257)  (128)  (90) (84) (84) (83)
% Explained 56.0% 72.9% 69.8% 70.3% 72.4%
Panel B: Earnings 11-15 Years Post-HS
White 3,640 1,507 979 1,188 1,175 1,180
(439)  (200) (130)  (124)  (129)  (134)
% Explained 58.6% 73.1% 67.4% 67.7%  67.6%
Panel C: Earnings 16-20 Years Post-HS
White 5805 2,219 1451 1,791 1,772 1,834
(653)  (289) (194)  (181) (189) (194)
% Explained 61.8% 75.0% 69.1%  69.5%  68.4%

I1. White-Hispanic
n @ 3) (4) () (6)
Panel A: Earnings 6-10 Years Post-HS

White 1,382 263 60 41 25 14
(244)  (94) (55) (53) (53) (52)
% Explained 81.0% 95.7% 97.0%  982%  99.0%
Panel B: Earnings 11-15 Years Post-HS
White 2,695 804 514 541 520 547
(402) (158) (104)  (101) (100) (99)
% Explained 70.2% 80.9% 79.9%  80.7%  79.7%
Panel C: Earnings 16-20 Years Post-HS
White 4,495 1,427 1,079 1,163 1,130 1,182
(594) (242) (178)  (169) (167) (165)
% Explained 68.3% 76.0% 741% 74.9% 73.7%

IT1. White-Asian
n @ 3) (4) () (6)
Panel A: Earnings 6-10 Years Post-HS

White 61 527 465 1,024 1094 1,058
(402)  (209) (180)  (123)  (106)  (75)
% Explained 764%  -662% -1579% -1693% -1634%

Panel B: Earnings 11-15 Years Post-HS

White -1,417 453 -326 571 681 818
(532)  (344) (203)  (194) (224) (235)

% Explained 68.0% 77.0% 140.3% 148.1% 157.7%

Panel C: Earnings 16-20 Years Post-HS

White -2,988 -1,483 -1,048 259 520 959
(866) (576) (439)  (428) (484) (483)

% Explained 50.4% 64.9% 108.7% 117.4% 132.1%

Controls + HS FE X X X X X

College FE X X

Major Group FE X

College - Major Group FE 62 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.



Table A-5: The Effect of Major Choice on Earnings 6-10 Years Post-HS, by
Gender and Race

(1) (2) (3) (4) (5) (6)

Major Male Female White Black Hispanic  Asian

Agriculture 1739.78 70.40 1326.436 -194.3399 -343.21  452.68
(262.92) (282.66) (215.59)  (408.42) (416.35) (396.76)

Architecture 380.05 201.49 463.21 -131.54  -220.80  214.02

(200.31) (202.77)  (227.58)  (368.07) (239.10) (382.63)
Biology & Health  203.25 1819.56  1528.86  1441.29  1298.78  313.20
(404.17) (380.85)  (448.45) (249.55)  (339.96) (558.77)
Business 3864.47 3035.16  3957.82  1989.18  2026.23 4137.56
(346.74) (263.45)  (307.87) (196.49) (238.46) (514.09)
Communications ~ 313.77  1007.19 975.98 47056  163.82  913.94
(251.06) (201.19)  (198.09) (154.94) (221.03) (436.95)

Comp Sci 3741.73 255840  3826.26  1547.25 2101.89 4577.11
(456.71) (485.05)  (472.09) (306.94) (355.51) (514.12)
Economics 2364.78 2252.17 277690  443.16  1187.95 1732.53
(377.67) (363.73)  (366.55) (242.28)  (292.75) (514.00)
Engineering 6188.15 5636.73  6828.12  3474.32  3817.20 6345.47

(470.88) (378.64)  (315.69) (322.94) (621.02) (489.59)
Interdisciplinary ~ 2186.44 2065.31  2009.51  2454.90  2321.91  2321.82
(303.86) (186.99)  (171.40) (395.31) (210.88) (393.07)
Science & Math ~ 1323.86 1996.14  1776.00  1356.71  1189.81  1420.54
(305.81) (296.39)  (366.02) (380.40) (274.34) (375.22)

Social Science 32.32 84.23 142.76 366.59  -178.53  (299.06)
(230.86) (188.54)  (182.39) (180.30) (200.00) (330.44)
Vocational 2496.89  1086.87 2297.11 1100.33 1103.87  2169.50
(256.50) (161.17)  (180.85) (158.79) (205.12) (609.51)
Undeclared -605.55 -1101.82 -1001.62 538.98  -1257.83 -104.92

(230.38) (178.99)  (178.16)  (167.09) (214.18) (290.40)

Notes: Columns (1) and (2) and columns (3)—(6) come from separate regressions of equation (2),
using earnings 6-10 years after high school as the dependent variable. All estimates include controls
for observed characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort
fixed effects. Liberal arts is the excluded category. Standard errors clustered at the institution-major
level are shown in parentheses.
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Table A-6: The Effect of Major Choice on Earnings 11-15 Years Post-HS, by
Gender and Race

(1) (2) (3) (4) () (6)

Major Male Female White Black Hispanic  Asian

Agriculture 3024.95  -161.78 2020.344 -99.20612  278.90 165.07
(341.45)  (503.65) (300.73)  (684.87)  (814.09) (559.38)

Architecture 694.10  (143.96) 280.77 479.36 220.95  (268.64)
(387.00)  (469.82) (402.00)  (371.57)  (407.95) (490.57)

Biology & Health 3111.04  3474.66 342759  3184.67 322047 3935.17
(368.16)  (360.07) (207.19)  (379.44)  (401.56) (615.66)

Business 6315.12  3848.37 6040.25  2543.12  2903.03  4949.18
(723.63) (358.52) (562.15)  (318.57) (385.43) (656.74)
Communications ~ 556.56  1271.35 1366.56  625.98 440.46  (54.21)
(326.31)  (364.41) (299.47)  (312.91) (365.96) (643.91)
Comp Sci 5047.68  3393.71 4973.76  1917.37  2677.35  5848.45
(540.70)  (546.58) (567.43)  (463.67)  (482.14) (586.41)
Economics 4930.62  2925.56 5435.99 124733  1635.65 1767.11
(446.02)  (584.58) (697.28)  (721.09)  (695.59) (609.10)
Engineering 8965.46  8767.88 10245.23  4432.61  5171.31  7447.60
(704.33) (1524.81)  (617.23) (418.82)  (699.25) (624.67)
Interdisciplinary ~ 2154.27  1058.45 757.38 3074.26  2544.14  673.89

(305.09) (540.68)  (488.14) (376.79) (375.74) (669.66)
Science & Math ~ 2843.56  2965.22 3048.55  3423.97  1908.76  2901.67
(369.41)  (344.56)  (299.39) (575.86)  (526.09) (601.35)

Social Science 945.06  415.63 640.23 131278  311.15  590.33
(234.49) (341.33)  (224.47) (274.80) (352.13) (514.36)
Vocational 3497.56  1585.10 3057.72  1660.45  1650.60 2813.61
(348.26) (329.74)  (237.96) (259.95) (308.54) (699.77)
Undeclared -304.36  -343.61 -446.20  78.90  -855.32  495.23

(280.07) (319.74)  (269.69) (354.95) (317.60) (458.54)

Notes: Columns (1) and (2) and columns (3)—(6) come from separate regressions of equation (2), using
earnings 11-15 years after high school as the dependent variable. All estimates include controls for
observed characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort fixed
effects. Liberal arts is the excluded category. Standard errors clustered at the institution-major level are
shown in parentheses.
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Table A-7: The Effect of Major Choice on Earnings 16-20 Years Post-HS, by
Gender and Race

(1) (2) (3) (4) (5) (6)

Major Male Female White Black Hispanic Asian

Agriculture 3899.57  -510.13 2389.964 -689.8698  598.99 -871.53
(547.61)  (969.20) (571.87) (1278.30) (1234.31) (1240.95)

Architecture 946.66 105.60 661.43 -130.57 279.92 -1654.67

(642.24) (748.01)  (671.29)  (565.50)  (658.75) (1300.58)
Biology & Health  8650.53  4604.83 5981.44  4882.01  5171.93  7829.69
(1007.96) (529.46)  (387.42)  (497.02)  (493.08)  (973.36)
Business 9726.12  5161.88 8966.32  3186.50  4516.95  5870.44
(1268.01) (509.64)  (923.57)  (465.69)  (607.18) (1237.26)
Communications ~ 1220.09  1715.71 2148.82  737.79  961.60  (1772.87)
(439.80) (678.58)  (481.45)  (473.00)  (694.07) (1186.15)

Comp Sci 6828.57  4214.57 6490.40 2358.64 3610.93 6005.19
(676.65) (662.96)  (786.16) (470.24)  (765.89)  (863.60)
Economics 7827.67  4956.21 8836.58 10.42 2048.31 1709.29
(764.68) (773.27)  (1153.81) (1183.59) (1176.81) (967.95)
Engineering 1157279 9111.94 12504.72  4933.25 6216.37 8609.61
(960.22) (726.08)  (748.88) (610.53)  (858.42)  (997.80)
Interdisciplinary 1990.73  226.04 46.89 2709.80  2833.95  (2020.26)

(521.05) (895.43)  (834.82) (514.12)  (593.49) (1294.60)
Science & Math ~ 4491.70  3390.93 4071.34  4110.01  2352.01  5636.06
(550.77)  (703.42)  (408.37)  (864.12)  (863.88) (2208.27)

Social Science 1846.54  474.70 992.07  1864.91  910.14  311.40
(351.66) (642.80)  (383.07)  (422.37)  (622.60)  (719.41)

Vocational 4003.39  1650.18 3226.62  1461.84  1925.86  1621.82
(492.65) (598.39)  (360.66)  (327.66)  (469.59) (1125.46)

Undeclared 713.90  1229.07 769.59  -610.11  739.96  830.68

(415.49)  (525.25)  (432.05)  (528.75)  (476.87)  (799.45)

Notes: Columns (1) and (2) and columns (3)-(6) come from separate regressions of equation (2), using
earnings 16-20 years after high school as the dependent variable. All estimates include controls for observed
characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort fixed effects.
Liberal arts is the excluded category. Standard errors clustered at the institution-major level are shown in
parentheses.

65



Table A-8: Blinder-Oaxaca-Kitagawa Decompositions of
Earnings Differences Due to Major Choice and
Returns to Major Choice, Reversing the Base
Group in the Decomposition

Panel A: Male-Female
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice  45.6%  18.1% 12.0%
Percent Explained by Major Returns  53.3%  27.6%  30.1%

Panel B: White-Black
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 6.5% 2.0%  -0.8%
Percent Explained by Major Returns  40.1%  29.4% 32.1%

Panel C: White-Hispanic
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 13.6% 7.0% 1.7%
Percent Explained by Major Returns  64.9%  46.0% 32.8%

Panel D: White-Asian
Years after High School
6-10 11-15  16-20
Percent Explained by Major Choice  -149.4% 93.6%  64.0%
Percent Explained by Major Returns  16.3%  -33.6% -47.2%

Notes: Percent Explained by Major Choice shows how much of the difference
in earnings across groups would change if men (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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Table A-9: Blinder-Oaxaca-Kitagawa Decompositions of
Earnings Differences Due to Major Choice and
Returns to Major Choice - No Controls or Fixed
Effects

Panel A: Male-Female
Years after High School
6-10 11-15  16-20
Percent Explained by Major Choice 97.4%  30.6% 19.9%
Percent Explained by Major Returns  16.9%  27.7%  33.4%

Panel B: White-Black
Years after High School
6-10 11-15  16-20
Percent Explained by Major Choice 20.0%  13.7%  10.0%
Percent Explained by Major Returns  19.6%  22.1%  25.2%

Panel C: White-Hispanic
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 30.5%  23.9% 17.9%
Percent Explained by Major Returns  50.4%  37.7%  26.3%

Panel D: White-Asian
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice  -199.8% 124.1%  80.0%
Percent Explained by Major Returns  53.3%  -52.9% -57.2%

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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Table A-10: Blinder-Oaxaca-Kitagawa Decompositions of
Earnings Differences Due to Major Choice and
Returns to Major Choice - Controls but No
Fixed Effects

Panel A: Male-Female
Years after High School
6-10 11-15  16-20
Percent Explained by Major Choice 90.7%  274% 16.8%
Percent Explained by Major Returns  18.1%  22.9%  28.9%

Panel B: White-Black
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 18.5%  11.4%  0.1%
Percent Explained by Major Returns  24.2%  20.4%  22.3%

Panel C: White-Hispanic
Years after High School
6-10 11-15 16-20
Percent Explained by Major Choice 28.4%  20.3% 1.1%
Percent Explained by Major Returns  51.7%  34.8%  23.0%

Panel D: White-Asian
Years after High School
6-10 11-15  16-20
Percent Explained by Major Choice -182.6% 106.8%  6.5%
Percent Explained by Major Returns  41.4%  -47.1% -52.7%

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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Table A-12: The Effect of Major Choice on the Number of Positive
Earnings Quarters, by Gender and Race

(1) (2) (3) (4) (5) (6)

Major Male  Female White Black Hispanic Asian
Agriculture -3.85 -1.24 -2.31 -3.62 -5.46 -3.75
(0.965) (1.444) (1.061) (2.469) (1.372) (2.588)
Architecture -4.04 -5.38 -4.70 -1.02 -4.35 -7.02
(0.935) (1.208) (0.911) (2.176) (1.280) (1.905)
Biology & Health  -6.05 -0.42 -2.20 -0.21 -3.07 -4.27
(0.851) (1.058) (0.677) (2.066) (1.176) (1.694)
Business -0.31 0.79 0.41 1.26 -1.17 1.47
(0.779) (1.147) (0.685) (2.004) (1.167) (1.839)
Communications -4.53 -2.49 -3.35 -2.58 -4.29 -3.16
(1.041) (1.071) (0.721) (2.047) (1.228) (1.619)
Comp Sci -1.87 -1.88 -0.69 0.67 -3.55 2.36
(0.851) (1.318) (0.918) (2.285) (1.536) (1.680)
Economics -2.36 0.64 -0.36 -0.12 -1.87 -1.03
(0.841) (1.295) (1.052) (2.102) (1.205) (1.594)
Engineering -0.77 -1.24 0.96 -0.78 -3.66 2.19
(0.875) (1.295) (0.799) (2.242) (1.566) (1.673)
Interdisciplinary -0.01 2.43 0.55 3.69 2.73 1.02
(0.910) (1.152) (0.822) (2.023) (1.302) (1.803)
Science & Math -4.22 -0.13 -2.82 1.66 -2.06 -1.79
(0.813) (1.129) (0.756) (2.404) (1.241) (1.581)
Social Science -5.85 -2.57 -4.44 -0.20 -4.26 -3.78
(0.821) (1.063) (0.672) (2.118) (1.204) (1.744)
Vocational -0.81 0.26 0.65 1.07 -2.82 2.15
(0.795) (1.093) (0.699) (2.028) (1.225) (1.945)
Undeclared -3.70 -1.48 -2.59 -0.84 -3.06 -2.80
(0.839) (1.112) (0.700) (2.153) (1.209) (1.722)
Constant 54.20 51.07 53.05 55.59 56.30 49.09

(1.297) (1.351)  (0.682) (2.001) (1.182) (1.744)

Notes: Each column comes from a separate regression of the number of positive earnings
quarters in the earnings sample on major choice, controlling for observed characteristics used
in equation (1) as well as high school-by-cohort and college-by-cohort fixed effects. Liberal arts
is the excluded category. Standard errors clustered at the institution-major level are shown in
parentheses.
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Table A-13: The Effect of Major Choice on Exiting the Earnings
Sample, by Gender and Race

Major Male  Female White Black Hispanic Asian
Agriculture 0.06 0.08 0.09 -0.01 0.10 0.04
(0.017) (0.017) (0.018) (0.050)  (0.030)  (0.045)
Architecture 0.11 0.10 0.12 -0.02 0.14 0.08
(0.022) (0.017) (0.020) (0.053) (0.030) (0.039)
Biology & Health  0.12 0.09 0.11 -0.05 0.11 0.09
(0.017) (0.015) (0.021) (0.051) (0.029)  (0.026)
Business 0.01 -0.00 0.01 -0.08 0.02 -0.02
(0.017) (0.013) (0.018) (0.049) (0.027)  (0.028)
Communications 0.06 0.06 0.07 -0.05 0.08 0.02
(0.017) (0.013) (0.018) (0.049) (0.028)  (0.028)
Comp Sci -0.01 0.01 -0.00 -0.10 0.01 -0.05
(0.019) (0.021) (0.021) (0.051)  (0.030)  (0.033)
Economics 0.05 0.04 0.07 -0.02 0.06 0.01
(0.019) (0.019) (0.019) (0.057) (0.031) (0.032)
Engineering -0.00 0.01 0.01 -0.06 0.07 -0.05
(0.018) (0.017) (0.020) (0.052)  (0.030)  (0.029)
Interdisciplinary 0.02 -0.02 0.00 -0.12 -0.02 -0.02
(0.020) (0.014) (0.019) (0.048) (0.033)  (0.036)
Science & Math 0.06 0.02 0.07 -0.07 0.05 -0.00
(0.016) (0.018) (0.018) (0.052) (0.028)  (0.033)
Social Science 0.11 0.10 0.12 -0.03 0.10 0.09
(0.018) (0.013) (0.019) (0.048) (0.026)  (0.027)
Vocational 0.01 0.06 0.05 -0.06 0.04 -0.01
(0.016) (0.013) (0.018) (0.048) (0.027)  (0.029)
Undeclared 0.13 0.15 0.17 0.00 0.15 0.07
(0.017) (0.013) (0.018) (0.048) (0.028)  (0.028)
Constant 0.66 0.68 0.62 0.79 0.63 0.73

(0.029) (0.026)  (0.018) (0.048) (0.027)  (0.028)

Notes: Each column comes from a separate linear probability model regression of whether an
individual leaves the earnings sample on major choice, controlling for observed characteristics
used in equation (1) as well as high school-by-cohort and college-by-cohort fixed effects. Liberal
arts is the excluded category. Standard errors clustered at the institution-major level are shown
in parentheses.
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Table A-14: The Effect of Major Choice on Earnings 6-10 Years Post-HS
Among BA Recipients, by Gender and Race

O ® @ ®  ©
Major Male Female White Black  Hispanic  Asian
Agriculture 1730.21 -6.01 124547  -593.58  -838.72  667.60
(276.22) (289.31) (226.27) (412.48) (299.41) (562.07)
Architecture 373.84 172.35 433.20  -548.38  -390.67  512.94
(295.14)  (230.74) (252.63) (395.44) (245.38) (447.90)
Biology & Health -85.20  1797.57 1380.41 1514.52  1404.55 7.86
(443.12) (470.57) (529.32) (337.54) (419.71) (615.01)
Business 4244.47  3151.17 4117.01  2135.25 2078.26  4345.59
(376.45) (273.81) (319.65) (201.18) (260.67) (580.66)
Communications 323.29  906.77 941.48 160.90 47.66 907.77
(260.29) (223.30) (215.03) (198.73) (234.29) (547.28)
Comp Sci 5014.40  3711.57 4871.92  3126.15 3321.85  5288.65
(445.77)  (612.64) (482.30) (385.63) (529.41) (560.69)
Economics 2507.41  2215.45 2786.71  188.87  1004.94 1938.15
(419.33) (387.83) (384.59) (353.29) (341.77) (635.88)
Engineering 7203.44  6029.53 7553.90 4454.23  4672.82  6738.58
(344.73)  (346.76) (254.50) (361.75) (575.88) (541.56)
Interdisciplinary 2274.27  2087.92 2067.70  2123.91  2416.05 2401.82
(273.36) (202.64) (188.20) (213.81) (209.02) (489.65)
Science & Math 1644.18  2180.51 2025.56  1509.82  1435.48 1501.30
(346.74) (326.39) (402.40) (393.84) (300.19) (460.97)
Social Science -18.35 -64.34 51.04 15.89 -400.44  -306.53
(237.72)  (196.29) (189.10) (210.73) (205.44) (424.84)
Vocational 2744.76  997.28 2294.86  1043.05 1030.31  2193.25

(300.47) (170.06) (209.92) (184.86) (231.28) (693.69)
Mean % Difference:
Overall 1.17 0.74 1.01 0.87
High Earning Majors 1.52 0.58 0.82 1.16

Notes: Columns (1) and (2) and columns (3)-(6) come from separate regressions of equation (2), using
earnings 6-10 years after high school as the dependent variable. Only those who obtain a BA (graduate
from a 4-year public institution in Texas) are included in the regressions. All estimates include controls
for observed characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort
fixed effects. Liberal arts is the excluded category. Mean % Difference is the ratio of the male-female
relative returns for each major for the completer sample relative to the overall sample in column (2) and
the same ratio for the White-non-White difference in columns (4)-(6). We show this ratio for all majors
(Overall) and for technical majors (Comp Sci, Engineering, Biology & Health, Science & Math, Business,
and Economics). Standard errors clustered at the institution-major level are shown in parentheses.
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Table A-15: The Effect of Major Choice on Earnings 11-15 Years Post-HS
Among BA Recipients, by Gender and Race

M 2 B @ 6 0
Major Male Female White Black  Hispanic  Asian
Agriculture 3080.64  -187.62 1876.47  -803.07  -196.33  559.45
(360.11)  (492.35) (318.01) (739.50) (685.14) (549.90)
Architecture 732.38 -100.81 27194  -249.72 12.15 103.38
(422.66)  (459.55) (415.82) (432.10) (469.28) (586.95)
Biology & Health 3463.70  3786.09 3702.38  3481.28 3721.48  3801.53
(428.44)  (436.53) (370.89) (443.23) (480.32) (679.80)
Business 6897.00  4016.18 6224.74  2487.05 295241  5008.28
(780.65)  (383.94) (582.27) (353.08) (436.93) (684.09)
Communications 655.35 1131.01 1358.39 -4.53 37799  -134.74
(344.94)  (391.43) (312.78) (422.82) (418.12) (716.86)
Comp Sci 6970.98  4693.39 6263.41  4067.93  4591.29  6659.03
(547.84)  (651.11) (576.39) (571.22) (787.23) (604.91)
Economics 4965.53  2992.77 5131.15  808.47  1384.92 1786.74
(555.73)  (580.40) (760.19) (712.55) (658.76) (711.92)
Engineering 10352.94  9532.89 11110.02  5686.55 6313.99  7643.35
(515.65) (1659.15) (619.50) (504.11) (654.00) (654.29)
Interdisciplinary 2142.67 903.36 745.78  2567.04  2599.78  749.38
(339.12)  (580.24) (524.09) (419.74) (396.11) (741.09)
Science & Math 3548.52  3239.00 3497.05  3849.89  2235.39  2906.08
(410.25)  (364.92) (317.06) (619.13) (556.76) (736.55)
Social Science 980.76 251.63 581.15 710.70 164.32 626.17
(237.33)  (349.28) (232.82) (351.88) (399.13) (546.49)
Vocational 3830.46  1452.38 3004.52  1322.06 1531.13  2527.07

(402.42)  (335.66) (266.92) (344.02) (361.44) (729.23)
Mean % Difference:
Overall 1.04 0.69 1.22 0.92
High Earning Majors 1.00 0.93 0.79 1.32

Notes: Columns (1) and (2) and columns (3)-(6) come from separate regressions of equation (2), using
earnings 11-15 years after high school as the dependent variable. Only those who obtain a BA (graduate
from a 4-year public institution in Texas) are included in the regressions. All estimates include controls for
observed characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort fixed
effects. Liberal arts is the excluded category. Mean % Difference is the ratio of the male-female relative
returns for each major for the completer sample relative to the overall sample in column (2) and the same
ratio for the White-non-White difference in columns (4)-(6). We show this ratio for all majors (Overall) and
for technical majors (Comp Sci, Engineering, Biology & Health, Science & Math, Business, and Economics).
Standard errors clustered at the institution-major level are shown in parentheses.
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Table A-16: The Effect of Major Choice on Earnings 16-20 Years Post-HS Among
BA Recipients, by Gender and Race

0 ) ®) ) &) ©)
Major Male Female White Black Hispanic Asian
Agriculture 4018.66  -364.40 2179.22  -1318.02 96.16 155.70
(630.05)  (951.49) (612.13) (1566.83) (1220.91) (1181.99)
Architecture 972.82 181.44 528.20 -908.98 -117.54  -1345.80
(766.07)  (806.56) (761.40)  (770.81)  (803.68) (1504.50)
Biology & Health 10544.36  5216.19 6835.61 5739.24  6141.33  8224.60
(1028.36) (634.19) (480.09)  (614.88)  (602.01) (1067.87)
Business 10683.03  5525.70 9272.67  3180.68  4692.15  5860.25
(1396.81) (542.38) (967.93)  (548.87)  (677.74) (1246.44)
Communications 1393.25  1610.17 2178.39 254.64 930.08 -2104.06
(543.78)  (731.34) (543.57)  (670.87)  (781.03) (1200.42)
Comp Sci 9197.51  5723.94 7862.15  4706.27  6107.16  6316.68
(831.55)  (798.28) (951.25)  (757.69) (1177.62) (815.82)
Economics 7991.85  5462.24 8443.47  -566.21 1707.64 1613.95
(994.12)  (797.66) (1277.77)  (1299.13) (1143.90) (1034.47)
Engineering 13339.63  9895.43 13311.46  6383.95  7523.93  8307.50
(772.96)  (758.26) (680.13)  (833.06)  (904.69)  (995.39)
Interdisciplinary 2275.31 67.17 192.86 2576.90  2989.09  -1847.17
(629.51)  (955.70) (900.64)  (681.23)  (675.00) (1395.78)
Science & Math 5278.39  3723.52 4417.13  4464.29  2582.19  5797.82
(714.61) (735.70) (499.34)  (1170.78)  (996.16) (2438.14)
Social Science 2001.49  354.79 1027.86 1205.86 832.91 454.49
(450.30)  (666.32) (442.44)  (575.12)  (717.10)  (733.60)
Vocational 4308.09  1509.25 3039.83 1094.21 1460.55 1169.25

(628.37)  (617.90) (426.26)  (498.63)  (560.54)  (1149.78)
Mean % Difference:
Overall 1.12 1.04 1.17 1.14
High Earning Majors 1.24 1.00 0.91 1.36

Notes: Columns (1) and (2) and columns (3)-(6) come from separate regressions of equation (2), using earnings
16-20 years after high school as the dependent variable. Only those who obtain a BA (graduate from a 4-
year public institution in Texas) are included in the regressions. All estimates include controls for observed
characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort fixed effects. Liberal
arts is the excluded category. Mean % Difference is the ratio of the male-female relative returns for each major
for the completer sample relative to the overall sample in column (2) and the same ratio for the White-non-White
difference in columns (4)-(6). We show this ratio for all majors (Overall) and for technical majors (Comp Sci,
Engineering, Biology & Health, Science & Math, Business, and Economics). Standard errors clustered at the
institution-major level are shown in parentheses.
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Table A-17: Differences in GPA Relative to Liberal Arts by Demo-
graphic Group

Major Male  Female White Black Hispanic Asian
H @ G @ G

Agriculture -0.009  -0.083 -0.052  0.054 -0.121  -0.278

(0.029) (0.037) (0.026) (0.115) (0.058) (0.055)

Architecture 0.202  0.068 0.116  0.244 0.130 0.188

(0.047) (0.028) (0.034) (0.088) (0.063) (0.040)
Biology & Health  0.174 0.072 0.116 0.131 0.073 0.170
(0.032) (0.021) (0.019) (0.061) (0.049) (0.036)
Business 0.125 0.024 0.063 0.112 0.062 0.143
(0.034) (0.023) (0.026) (0.062) (0.054) (0.040)
Communications 0.106 0.031 0.045 0.181 0.073 0.011
(0.032) (0.021) (0.025) (0.060) (0.051) (0.028)

Comp Sci -0.063 -0.077 -0.084 -0.180 -0.112  0.025
(0.039) (0.034) (0.037) (0.077) (0.068)  (0.052)
Economics -0.076 -0.150 -0.108 0.006  -0.053  -0.197
(0.034) (0.031) (0.024) (0.064) (0.065) (0.035)
Engineering 0.086 -0.019 0.057 0067 -0.022  0.126

(0.035) (0.028) (0.028) (0.067) (0.059) (0.028)
Interdisciplinary 0.073 0.247 0.219 0.259 0.312 0.160
(0.038) (0.024) (0.022) (0.063) (0.055) (0.056)
Science & Math 0.076  0.025  0.029  0.146 0.075 0.062
(0.033) (0.033) (0.026) (0.092) (0.057) (0.052)

Social Science 0.075 0.034 0.038 0.178 0.058 -0.009
(0.025) (0.023) (0.020) (0.054) (0.050)  (0.039)
Vocational 0.087 0.046 0.044 0.154 0.069 0.058
(0.027) (0.025) (0.020) (0.059) (0.054) (0.046)
Undeclared -0.009 -0.035 -0.049  0.028 0.027 -0.118

(0.038) (0.029) (0.028) (0.085) (0.057)  (0.038)

Notes: Each set of two columns comes from a separate regression of equation (2), using
final GPA as the dependent variable. Final GPA is defined as the GPA at graduation or
upon exiting the public 4-year sector in Texas. Each set of regressions controls for observed
characteristics used in equation (2) as well as high school-by-cohort and college-by-cohort
fixed effects. Uninteracted columns represent major effects on GPA for men (column 1) and
Whites (columns 3, 5, 7). Liberal arts is the excluded category. Standard errors clustered
at the institution-major level are shown in parentheses.
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Table A-18: Blinder-Oaxaca-Kitagawa Decompositions of
Earnings Differences Due to Major Choice and
Returns to Major Choice Using CIP-4 Major

Codes

Earnings Gap

% Explained By CIP4 Choice

% Explained By CIP4 Returns

% Explained By Agg. Major Choice
% Explained By Agg. Major Returns

Earnings Gap

% Explained By CIP4 Choice

% Explained By CIP4 Returns

% Explained By Agg. Major Choice
% Explained By Agg. Major Returns

Earnings Gap

% Explained By CIP4 Choice

% Explained By CIP4 Returns

% Explained By Agg. Major Choice
% Explained By Agg. Major Returns

Earnings Gap

% Explained By CIP4 Choice

% Explained By CIP4 Returns

% Explained By Agg. Major Choice
% Explained By Agg. Major Returns

Panel A: Male-Female

Years after High School

6-10 11-15  16-20
805 3685 6958
70.6%  27.4% 21.7%
25.8%  17.4%  19.5%
85.1%  255% 15.6%
12.6%  19.6%  25.9%

Panel B: White-Black

Years after High School
6-10 11-15  16-20
1606 3106 5273
16.9%  10.9%  8.1%
27.1%  182%  21.8%
16.7% 8.2% 4.5%
31.0%  228%  26.7%

Panel C: White-Hispanic

Years after High School

6-10 11-15  16-20
1279 2366 4115

29.1%  18.6% 12.0%
48.0%  34.0%  19.5%
26.9%  17.5% 11.4%
521%  37.3%  22.6%

Panel D: White-Asian

Years after High School

6-10 11-15  16-20
314 -1306  -3077
-185.9% 110.0% 83.4%
75.4%  -93.1% -94.2%
-200.3% 91.4%  60.0%
71.5%  -65.9% -63.6%

Notes: % Explained by CIP4 Choice shows how much of the difference in earnings
across groups would change if women (non-Whites) had the same distribution of
CIP4 majors as men (Whites). % Explained by CIP4 Returns shows how much
of the difference in earnings across groups would change if women (non-Whites)
had the same returns in each CIP4 major relative to liberal arts as men (Whites).
% Explained by Agg. Major Choice and % Explained by Agg. Major Returns
shows the same decompositions for the aggregate major categories used in our

main analysis.



Table A-19: Components of Aggregate Major Groups

Aggregate Major Group Specific Major CIP Code
Agriculture + Natural Resources Agriculture, Agriculture Operations, and Related Sciences 01, 02
Natural Resources and Conservation 03
Architecture Architecture and Related Services 04
Biology + Health Biological and Biomedical Sciences 26
Health Professions and Related Clinical Sciences 51
Residency Programs 60
Business Business, Management, Marketing, and Related Support Services 52, 08
Communications Communication, Journalism, and Related Programs 09
Computer Science Communications Technologies/Technicians and Support Services 10
Computer and Information Sciences and Support Services 11
Economics Economics 4506
Engineering Engineering 14
Interdisciplinary Studies Multi/Interdisciplinary Studies 3099
Liberal Arts Area, Ethnic, Cultural, and Gender Studies 05
Foreign Languages, Literatures, and Linguistics 16
English Language and Literature/Letters 23
Liberal Arts and Sciences, General Studies and Humanities 24
Library Science 25
Philosophy and Religious Studies 38
Theology and Religious Vocations 39
Visual and Performing Arts 50
History 4508, 54
Vocational Personal and Culinary Services 12
Engineering Technologies/Technicians 15
Vocational Home Economics 20
Parks, Recreation, Leisure, and Fitness Studies 31
Basic Skills 32
Leisure and Recreational Activities 36
Science Technologies/Technicians 41
Security and Protective Services 43
Construction Trades 46
Mechanic and Repair Technologies/Technicians 47
Precision Production 48
Transportation and Materials Moving 49
Reserve Officer Training Corps 28
Military Technologies 29
Citizenship Activities 33
Health-Related Knowledge and Skills 34
Interpersonal and Social Skills 35
Personal Awareness and Self-Improvement 37
Physical Sciences + Math Physical Sciences 40
Mathematics and Statistics 27
Social Sciences Family and Consumer Sciences/Human Sciences 19
Legal Professions and Studies 22
Psychology 42
Public Administration and Social Service Professions 44
Social Sciences, General 4501
Anthropology 4502
Archeology 4503
Criminology 4504
Demography and Population Studies 4505
Geography and Cartography 4507
International Relations and Affairs 4509
Political Science and Government 4510
Sociology 4511
Urban Studies/Affairs 4512
Sociology and Anthropology 4513
Rural Sociology 4514
Social Sciences, Other 4599
Undeclared 99
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Appendix B: American Community Survey Analysis

We examine the role of occupation selection in cross-group earnings differences using the
2009-2023 American Community Survey (ACS). We align our analysis sample to match the
ages and cohorts we use in the Texas data. We do not observe year of high school
graduation, so we assume that individuals graduate high school at age 18. The high school
graduating cohort is calculated as Year-age+18. We only keep observations that are in the
1996-2002 high school cohorts according to this calculation. The ages of those in our data
span 24 to 38, so we then keep only respondents in the ACS between these ages. Field of
study only is populated in the ACS for those with a 4-year degree. We keep in our analysis
sample those who have at least a four-year degree and for whom there is non-missing major
information, and we classify majors using the same classification scheme used throughout
this analysis (see Online Appendix Table A-14). In order to match income in the ACS as
closely as possible with quarterly earnings, we use the variable incwage, which contains
each respondent’s total pre-tax wage and salary income. As in the Texas data, we inflate
all earnings to real 2016 dollars using the CPI-U. Wage and salary information in the ACS
is annual, so we divide by 4 to convert to quarterly earnings. Those with zero earnings are
included. Our final sample has 2,864,047 observations, and all tabulations and results
employ individual sample weights to make them representative of the U.S. college graduate

population.

We first estimate the analog in the ACS data to the return to college major. For each
major, k and in each age range (6-10, 11-15, and 16-20 years post high school graduation),
we calculate the difference between earnings in major k and earnings in liberal arts (la):
Return® = earn® — earn'®. We calculate this earnings difference for each group (male (m),
female (f), White (w), Black (b), Hispanic (h), Asian (a)) and each age range for each
non-liberal arts major. We then calculate the difference in relative earnings differences

across groups in each age range: Return®™ — Return*/, Return** — Return®,
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Return® — Return*®, Return** — Return*®. The “Difference” columns in Online

Appendix Tables A-5, B-2, and B-3 show these tabulations for our three age ranges.

Finally, we construct “CF Difference” as the difference in relative earnings that would
occur if we equalized the distribution of occupations for men and women (for gender) and
between Black and White, Hispanic and White, and Asian and White college graduates
within each major. We measure occupations at the SOC-2 level, which includes 23 different
occupations. We construct CF Difference using a linear decomposition that shows how the
differences in relative returns across groups would change if the groups had the same

distribution of occupations within each major.

We illustrate this decomposition below for the difference between males and females for
major k. Let Earn™ be mean earnings for men in major k and Farn®* be earnings for
women in major k. Earnings in each major can be written as a weighted average of

earnings of those in each occupation:

23
Earn™ = E P™ Barn™

o=1

23
Earn™* = E PY* Earn®*
o=1

where P™" is the proportion of men from major k in occupation 0. P** is similarly defined
for women. We can decompose the difference in earnings by gender within major k£ as

follows:
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23 23
Earn™ — Earn®* = E Pg”kEarnZ”k—E P:’kEarn;”k

o=1 o=1
23 23 23 23

= E P™ Earn™ — E PY* Barn* + E P™ Earn* — E P™ Earn®*
o=1 o=1 o=1 o=1

23
= Z Earn® x (P™ — PY%) 1 P & (Earn™ — Earn®*)
o=1
We only calculate the first part of this expression: Y 20 Earn®* s (P — P¥*), with the
residual incorporating differences in earnings within occupation (and major) across men
and women. We calculate “CF Difference” as the difference between the counterfactual
earnings for major k£ minus the counterfactual earnings for liberal arts. This provides the
differences in earnings across majors if men and women have the same distribution of
occupations. We conduct similar calculations by race/ethnicity, using non-White earnings

as the baseline.
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Table B-1: Gender and Racial/Ethnic Differences in Earnings over Time

(1) (2) (3) (4) () (6)

Earnings Period Male Female White Black Hispanic Asian
Earnings 6-10 Years Post-HS 10,867 8,869 9,957 8,385 8,565 10,623
(1,998) (1,572)  (1,392) (666)
22.5% 18.7% 16.3% -6.3%
Earnings 11-15 Years Post-HS 16,164 11,772 14,062 11,244 11,684 15,676
(4,391) (2,817) (2,378) (1,614)
37.3% 25.1% 20.4%  -10.3%
Earnings 16-20 Years Post-HS 21,309 13,806 17,728 13,671 14,319 20,190
(7,503) (4,057)  (3,409) (2,462)
54.3% 29.7% 23.8%  -12.2%

Notes: The table displays mean earnings in each period using the ACS sample as described in Appendix
B. The difference between male-female and between White and each racial/ethnic group is in parentheses,
with the percent difference in earnings relative to the non-male/non-White mean shown in each third row.
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