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Abstract
College graduates with a science or business related degree earn up to 25% larger wages
than other college graduates. However, individuals do not always pursue careers related
to their major, generating within-major gaps in wages that are similar in size to the across
major gaps. As an example, science majors who work in jobs related to their field of study
earn approximately 30% higher wages than those working in non-related jobs. In this
paper, we aim to estimate the true returns to college major accounting for the specificity
of skill and to assess whether students know their labor market returns at the time they
choose their field of study. We develop a structural model of human capital that allows for
both skill uncertainty and di↵erential accumulation of human capital across major. Our
findings indicate that the returns to obtaining a business or science degree, although quite
large, are smaller than the raw gaps would indicate, as is the return to working in a job
related to the individual’s field of study. We also find that individuals are uncertain about
their future productivity at the time of the college major decision. The combination of
skill uncertainty and the specificity of the return make majoring in a science related field
a relatively risky human capital investment.
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Introduction

Workers with a college degree earn significantly higher wages than high school graduates.
This empirical fact has generated a vast literature that seeks to estimate the true extent of
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the return to schooling and to understand the factors that influence the choice of schooling
quantity. An interesting feature of the data that has been largely neglected by this literature
is the wide dispersion in the return to a college education across field of study. For example,
college graduates with a science or business related degree earn up to 25% larger wages than
other college graduates. A natural question to ask is whether these wage di↵erences originate
from true di↵erences in the returns to college major or from ability bias, i.e. ex-ante more
productive workers cluster in the same majors. Moreover, if sorting alone cannot explain the
observed wage gaps, why do these di↵erences persist and what drives students towards less
remunerative majors?
Identifying the true returns to college major and the factors that influence student choices
can help inform policy makers about decisions regarding higher education and field of study.
Recently developed programs in the U.S., such as the National Science and Mathematics Access to Retain Talent Grant (SMART) and the Science, Technology, Engineering, and Mathematics Expansion Program (STEP), indicate a strong desire among policy makers to increase
the share of college students entering technical fields.1 The success of these and future programs will hinge on whether the policies target the key mechanisms driving major choices and
whether the estimated benefits of such interventions are based on realistic returns.
The purpose of this paper is two-fold. First, we aim to estimate the true returns to college
major, accounting for sorting into major based on both observable and unobservable student
attributes. As part of this e↵ort, we investigate how the returns to college major relate to
student ability and future labor market choices. Second, we assess whether students know
their major specific labor market returns at the time they choose their field of study. The
presence, or absence, of information regarding future returns could be an important factor
driving college major choices. In our data analysis, we show that individuals working in a
job related to their major field of study earn significantly higher wages than those working
in jobs unrelated to their major. This is particularly true for science majors, where there is
1

The rationale for these programs is that policy makers believe that graduates who obtain a degree in a

technical field generate a positive externality in the broader economy. Murphy et al. (1991) provides support
for this belief. The focus on math and science skills is not limited to the higher educations sector. The
National Math and Science Initiative is another recently developed program that focuses strictly on primary
and secondary school students.

2

approximately a 30 point gap in log wages between workers in related and non-related jobs.2
As a result, the expected return to majoring in a science related field depends critically on
whether students can anticipate their occupational choices once in the labor market.
Although wage di↵erences related to the applicability of one’s major could be driven by
selection, the patterns we observe in the data suggest that di↵erences in skill prices across job
types play an important role. The idea that a portion of a worker’s accumulated human capital
is not universally applicable across all jobs has been incorporated into career and occupational
choice models for decades.3 Yet, in most of these models, the only channel through which
workers accumulate specific human capital is through work experience and the amount of
schooling.4 In this paper we instead allow for the human capital accumulation process to
di↵er across college major. Further, since students graduating with di↵erent majors tend to
work in distinct occupations, we allow the price of human capital in the labor market to vary
according to the chosen major and whether the job is related to said major.
Explicitly modeling major choice in terms of human capital accumulation separates us from
much of the previous literature and allows us, for example, to isolate wage variation related to
skill price heterogeneity from variation stemming from the di↵erential accumulation of human
capital. Previous works estimating the returns to college major, such as Arcidiacono (2004),
have allowed the returns to observable skill measures like SAT scores and cumulative grade
point average to vary with college major. However, this variation could be driven by either
di↵erences in prices or unobserved human capital. An additional benefit of our approach is
that we can treat schooling related human capital separate from labor market productivity.
In other words, the model is flexible enough to allow for the fact that some individuals may
perform quite well in school and on tests, but be relatively unproductive in the labor market.
The distinction between schooling productivity and labor market productivity is especially
2
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only about 10 log points. See data Section 2 for details.
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Becker (1962) and Oi (1962) originally developed the notion of firm-specific human capital. Over time, the
idea was expanded to include occupation, industry, and location specific human capital. Prominent examples
include McCall (1990), Parent (2000), Neal (1995), Pavan (2011), and Kennan and Walker (2011). Recent
papers, such as Poletaev and Robinson (2008), Gathmann and Schnberg (2010), and Yamaguchi (2011) have
focused more on task specific human capital, stressing that what matters in not the job’s label, but the actual
tasks a job employs.
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Examples include Keane and Wolpin (1997) and Sullivan (2010).
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important when considering how much information is available to students at the time of the
college major decision.
To investigate the specificity of human capital through schooling we turn to the Baccalaureate and Beyond Longitudinal Study (B&B). The B&B consists of a representative sample
of 11,192 graduating seniors drawn from the 1993 National Postsecondary Student Aid Study
(NPSAS). This group of college graduates is subsequently surveyed in 1994, 1997, and 2003,
providing detailed information on schooling and labor market outcomes. The B&B has two
key features that make it ideal for estimating the true returns to college major and understanding the specificity of human capital through schooling. First, we are able to construct
major specific grade point averages even for fields which students decided not to pursue. This
gives us a window into what a student’s outcomes might have looked like had they chosen
a di↵erent major. Second, individuals are asked whether their job is related to their field of
study. This allows us to to identify the specificity of human capital within major by looking
at wage variation across job types. Of course, the raw gaps in wages across majors and job
types could simply be the result of sorting. However, we show through a series of reduced-from
regressions that the observed wage gaps cannot be explained by observable ability measures.
Using our reduced-form findings as a guide, we then develop a structural human capital
model in order to better understand the human capital accumulation process and the true
returns to college major, as well as identify the information available to students at the time
of the major decision. Our framework and identification strategy is related to Carneiro et al.
(2003) and Cunha et al. (2005), as it utilizes a similar factor-based structure. Individuals are
endowed with two types of human capital, which we label as math and verbal human capital.
An individual’s math and verbal human capitals evolve as a result of schooling, where the
nature of the accumulation varies across major. However, at the time of the major decision,
students do not observe their math and verbal human capitals directly, but instead observe
their total math and verbal abilities. Total math ability is assumed to be the sum of the
math human capital and an independent math specific scholastic ability which is not priced in
the labor market. Total verbal ability is similarly defined. Scholastic outcomes, such as SAT
scores and GPA, are assumed to be functions of the total math and verbal abilities. Upon
exiting college, individuals enter the labor market, learn their true human capitals, and choose
whether to work in a job related to their field of study. Wages then depend on an individual’s
4

level of human capital and the type of job selected. While math and verbal human capital
a↵ect wages in all jobs, the skill prices can vary according to major and whether the job is
related to the field of study.
We estimate our model by maximum likelihood and show that we are able to replicate
the key findings from our reduced-form analysis using data simulated from the model. The
parameter estimates indicate that students have very little information about their underlying
verbal human capital at the time the college major decision is made. However, students receive
more precise information about their underlying math human capital through their observed
SAT and GPA measures. Students with high expected math human capital tend to sort
into science related majors, while students with high verbal scholastic ability tend to choose
fields other than science or business. The price of math and verbal human capital varies
considerably both across and within major. As an example, a one-standard deviation increase
in math human capital increases wages by 22% for a science major working in a related job,
but has essentially no e↵ect on wages for a science major working in a non-related job.
While we find evidence of significant skill price heterogeneity in our baseline model, the
results are predicated on the assumption that individuals do not know their true underlying
human capitals when making their major choice. Consequently, we estimate a more general
version of our model that nests both uncertainty and perfect knowledge about an individual’s
human capital. We are able to reject the model of perfect certainty in favor of the model that
allows for human capital uncertainty.5
Using data simulated from our model, we calculate the “average” returns to college major
and working in a related job. We find that the returns to obtaining a business or science
degree are smaller than what is indicated by a simple OLS regression, but remain quite large,
on the order of 0.15 and 0.12 log points respectively. The true benefit of working in a related
job increases for the residual major group relative to OLS, but decreases for science majors.
These patterns can be explained by the di↵erential sorting of individuals into related jobs
across fields.
Finally, we examine how important the specificity of human capital is across majors
5
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its role for major switching, time to degree, and dropping out. See for example Altonji (1993), Arcidiacono
(2004), Be↵y et al. (2009), and Montmarquette et al. (2002).
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through a simple wage decomposition exercise. First, we determine how much of the observed wage variability within major is related to human capital. We find that 33% of the
wage variation for science majors is related to our definition of initial labor market human
capital. Smaller fractions are obtained for business and all other majors. We then decompose
the wage variability arising from human capital into a general and specific component. The
specific nature of human capital as it relates to job type explains at least 24% of the wage
variability associated with human capital in the science field. For business and all other fields,
specificity is responsible for only 5% and 9% of the wage variation related to human capital.
These results, in conjunction with the evidence supporting human capital uncertainty at the
time of the major choice, suggest that science related majors may be a riskier human capital
investment for students relative to other fields of study. This risk could aid in explaining why
students tend to shy away from math and science related majors.
The remainder of the paper is as follows. Section 2 describes the B&B data in detail
and provides reduced-form evidence of the specificity of human capital through schooling. In
section 3 we describe our model of major choice and discuss identification. Section 4 discusses
estimation and presents the structural estimates along with some simple validation exercises.
In section 5 we perform several counterfactual experiments to understand the relative importance of the various mechanisms driving major choices. Section 6 concludes.

2
2.1

Data and Reduced-Form Analysis
Data

We use data from the first cohort of the B&B to investigate the links between human capital,
major choice, and wages. The initial B&B cohort consists of a representative sample of 11,192
graduating seniors drawn from the 1993 National Postsecondary Student Aid Study (NPSAS).
This group of college graduates is subsequently surveyed in 1994, 1997, and 2003. The original
NPSAS data along with the follow up B&B surveys allow us to construct detailed information
on students’ backgrounds, schooling outcomes, and labor market outcomes. While the sample
is representative, the B&B provide sampling weights, which we use in both the descriptive
and structural analysis. Additional details regarding the sample are provided below.

6

2.1.1

Student Background and Schooling Data

The 1993 NPSAS and 1994 wave of the B&B collected detailed background data on each
student. Using this data we are able to construct measures of respondent race, gender, and
age. We limit the sample to males to avoid the complications fertility expectations have on
female human capital accumulation and labor supply. This reduces the number of students
to 4,834. In addition, there is a significant number of graduating seniors in 1993 who are
older than 30. Older graduates tend to have lower (higher) math (verbal) SAT scores, choose
business majors more often, and earn more than their fellow graduates who are significantly
younger. These students likely also di↵er in other unobserved dimensions. In order to keep a
relatively homogenous sample we drop anyone above the age of 30 in 1993, reducing the sample
to 4,264 individuals. In addition, any individual with missing parental information or missing
SAT scores is excluded from the sample, resulting in a final sample of 2,476 individuals.6
Detailed data on college major choice, as well as major specific grade point average (GPA)
are readily available. In order to keep the model tractable, we collapse major choice into three
broad categories: business, science, and other. The aggregate business major includes fields
such as economics, accounting, and general business. The science major includes engineering,
the physical and natural sciences, and computer science. All remaining fields, such as social
sciences, education, psychology, humanities, etc., fall into the other category. For the estimation of the structural model, we also construct variables that are assumed to be exogenous to
the model. Using the school identifiers available in the B&B, we merge information from the
Integrated Postsecondary Education Data System (IPEDS) and then link each student in our
sample to the share of students in each major in his graduating college. This variable will act
as an exogenous shifter in the choice of college major.
In addition to major choice, information regarding student participation and performance
across the various majors is also available. Total credits and GPA are separately available
for business, social science, science and engineering, education, math, and foreign language
courses, among others. We use these disaggregated variables to construct individual specific
6
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the SAT math and verbal tests.
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GPA measures for each of our broad major categories.7 Note that we can only construct these
measures if a student ever took a course in one of these subjects. GPA measures for business,
science, and other majors are available for 45%, 95%, and 98% of our sample respectively.
Table 1 provides basic summary statistics describing schooling outcomes. Overall we see
that science and business majors account for approximately 50% of the sample, with students
split rather evenly across the two categories. A quarter of the sample eventually obtains
a post-graduate degree.8 When we examine the characteristics of the students across each
major significant di↵erences appear. Science majors have higher SAT math and verbal scores
than either the business or residual group. In addition, their science GPA is also significantly
higher. Note that both business and other majors take a significant amount of science credits,
approximately 20 and 18 respectively. Across fields, GPA is always highest on average for those
who chose to major in that field. This likely reflects both selection and the accumulation of
additional human capital most relevant for the chosen field. Finally, across majors there also
appear to be important di↵erences in family background. Individuals who major in science
are more likely to come from households where both parents are foreign born.
2.1.2

Labor Market Data

In survey years 1994 and 1997, respondents were asked about their primary employment
during the month of April.9 In 2003, respondents were asked about their current job. Across
all surveys, individuals provided information regarding their hours, wages, and whether their
7
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all individuals above this percentile receive a 4.0. We then find the GPA associated with the 1-x percentile, and
replace all lower GPAs with this value. Thus, the top and bottom of the GPA distribution are trimmed in a
similar fashion. The trimming does not a↵ect the reduced form analysis and we do it to reduce the importance
of the outliers which would be problematic once we estimate the structural model.
8
In survey years 1994, 1997, and 2003, respondents are asked about post-BA degree receipt. For tractability,
we treat all graduate degrees identically and do not allow individuals to switch their major at this point. This
is largely consistent with the fact that 70% of the individuals who eventually obtain a graduate degree choose a
graduate field of study that falls in the same broad major category as their undergraduate field of study. Note
that if an individual reports obtaining a graduate degree by 1994, we utilize the graduate degree major rather
than the undergraduate major. This occurs for 31 individuals.
9
Note that in 1994, individuals were also asked about their primary job. When possible, missing information
for the April job is replaced with information from the primary job.
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job is related to their field of study.
Individuals can report wages either hourly, daily, weekly, monthly, or annually. We convert
all wages to full-time yearly equivalents for those individuals who report working at least 30
hours per week. For anyone working fewer than 30 hours per week, we treat their annual
salary as missing, since we do not model labor supply explicitly. All salaries are measured in
2000$. The most important labor market variable for our purposes is whether an individual’s
job is related to their field of study. For the 1994 and 1997 surveys, a job is defined as being
related to an individual’s field of study if the respondent reported that the April job was either
closely or somewhat related to their field of study. In 2003, the relationship question is altered
slightly. A respondent is considered to be working in a job related to their field of study if their
undergraduate education is very important in their current job or if their graduate education
is very important in their current job and the respondent reports obtaining a graduate degree.
Because of the change in the wording of the question, if an individual reports being in the
same job as they were in 1997, we use the relationship variable from 1997. Approximately
13% of the valid relationship entries in 2003 are changed as a result. If information about
whether the job is related to the field of study is missing, to the greatest extent possible we use
information from the subsequent surveys to fill it in. For example, if the respondent reports
starting their 2003 job prior to 1997, we replace the missing relationship variables in 1997
with their 2003 values. If a relationship variable is missing and cannot be imputed, we also
consider as missing the relationship variables for all subsequent years. We do this since in our
model the likelihood of working in a related job is a function of whether the individual was
working in a related job in the previous period.
Using the B&B we also construct state specific deviations with respect to the national
average of the share of workers in a related job conditional on year, major, post-secondary
degree, and average wages in a related job. Although agents do move across states for economic
reasons, see for example Kennan and Walker (2011), in our model we assume that geographical
location is exogenous. This assumption is mitigated by the fact that 75% of the individuals
in our sample live in the same state in which their parents lived in 1993 or in the same state
as their college.
Table 2 provides summary statistics for the labor market outcomes for the sample as a
whole and by field of study. Overall, we see that approximately 70% of college graduates are
9

working in jobs that are related to their college major. Not surprisingly, annual salaries are
significantly di↵erent according to whether an individual is working in a job that is related to
their field of study. This di↵erence could reflect sorting, meaning that higher ability individuals
are more likely to work in a related job, or it could reflect the idea that human capital is priced
di↵erently across di↵erent types of jobs.
Looking at labor market outcomes across fields of study illustrates important di↵erences
in outcomes by major. First, business and science majors earn significantly higher salaries
relative to the residual group. This pattern is not unique to the B&B and can be found in
the National Longitudinal Surveys of Youth (1979 and 1997) and more recently in the 2009
American Community Survey.10 Second, and more important for our purposes, is the huge
impact that working in a related job has on the salary of science majors. Science majors who
work in a job related to their field of study earn close to a 30% premium relative to science
majors who work in an unrelated job. The gaps for business and the residual major are only
3% and 11% respectively. These patterns are consistent with varying returns to skill, but
could also reflect di↵ering degrees of sorting into related jobs across majors or issues with
aggregation. As an example, the wage premium associated with working in a related job for
science majors could simply reflect that engineering majors are both more likely to work in a
related job and earn more as compared to less remunerative science fields such as biology.

2.2

Reduced-Form Evidence of the Specificity of Schooling Human Capital

Table 2 illustrates that not only do wages vary considerably across college major, but also
within major according to whether an individual works in a related job. While these patterns
are consistent with heterogenous returns to college through major choice and the existence of
skill price di↵erentials by job type, sorting or aggregation bias introduced by our course characterization of majors could also rationalize the data. In this section we perform some simple
reduced form analysis to shed light on the underlying mechanisms that drive the observed patterns and to help motivate our modeling choices regarding human capital and college major
choice.
To study the wage di↵erences across majors, we begin with some simple OLS regressions
presented in Table 3. Column 1 indicates that conditional on year e↵ects and graduate degree
10
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receipt, business and science majors earn 0.19 and 0.23 log point higher wages relative to
the residual major category. Adding controls for observable measures of ability like SAT and
GPA in columns 2 and 3 mildly decreases these di↵erentials.11 Thus, the wage variation across
major evident in the summary statistics does not appear to be driven entirely by di↵erences
in observed math and verbal ability. Column 4 shows that the estimated major returns are
not sensitive to whether we use hourly wages rather than our measure of annualized income.
The primary advantage of the B&B in examining the returns to college major is that it
contains direct information on whether an individual’s job is related to their field of study.
In Table 4 we look at the relationship between this variable and the earnings of a worker.
Although the resulting patterns could be generated by the presence of sorting on unobservables,
we interpret these regressions as evidence of skill price heterogeneity. In the first column we
note that, even after controlling for observable measures of human capital using SAT and GPA,
wages are significantly larger in jobs that are related to the field of study, and this relationship
is significantly stronger for science majors.12 In column 2 we show that this pattern is not
generated by our aggregation of majors. Including dummy variables for each of the 28 majors
observed in the data, we see that the impact of being in a related job for the residual major
decreases, yet we still observe large returns to working in a related job for business majors
and science majors.
The third column of Table 4 examines how the inclusion of worker fixed e↵ects alters
the estimated returns to working in a related job. The importance of the job’s relationship
with the field of study decreases significantly for business and science majors, indicating that
sorting across majors on unobserved dimensions can help explain the relationship between
wages and labor market outcomes. However, even in this case science majors receive a much
larger increase in their wage in related jobs when compared to workers with di↵erent majors.
The inclusion of worker fixed e↵ects ensures that the returns to working in a related job are
11
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negatively impact wages. This result is robust to controls for major, relatedness, and occupation. Further, the
negative impact of verbal test scores on wages can be replicated using other data sources, such as the National
Longitudinal Surveys of Youth. While we do not pursue in detail the root of this negative relationship, we
choose a specification of our human capital model that is flexible enough to replicate this empirical regularity.
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These results are consistent with recent findings from Silos and Smith (2012) who find that wage growth
is positively related to how applicable the skills obtained in college are to the current job.
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identified by workers who switch job types. The fact that these workers switch, however,
suggests that being in a related job is less salient for them as compared to workers who do not
switch. As a result, the estimated returns in column 3 likely understate the average return to
working in a related job.
The fourth column of Table 4 investigates whether the returns to observable measures of
skill vary with relatedness. In other words, is there any direct evidence of skill price heterogeneity. The results indicate that the returns associated with major specific GPA increase
dramatically when working in a related job, though the returns to SAT math and verbal are
largely una↵ected. Because the di↵erential returns to SAT by relatedness could move in opposite directions across major, this result is not surprising. However, it is clear that the returns
to the specific skills learned in each major vary considerably with the worker’s job type.
While the results from Table 4 suggest that the human capital developed through schooling is specific to particular types of jobs, no definitive conclusions can be drawn since SAT
and GPA are noisy measures of student ability. Thus, we cannot rule out the possibility
that the important patterns we find in the reduced-form are either inflated or attenuated by
the presence of sorting on unobservables. For this reason, we present and then estimate a
model of college major choice that explicitly allows for sorting into field of study based on
unobservable attributes. An additional benefit of the structural model is that it allows us to
determine whether the choice of college major is made in an environment characterized by
skill uncertainty.

3

The Model

Agents begin their life in college, before deciding their major field of study. After choosing a
major and finishing college they enter the labor market. While in the labor market, individuals
choose whether to work in jobs that are related to their field of study. After working for T
years, individuals retire for TR years.

3.1

Human Capital and Returns to College

In our model, individuals are characterized by two types of human capital: mathematical
human capital and verbal human capital. These two types of human capital are “general” in
12

the sense that workers bring these skills with them to all types of jobs. At the same time the
human capitals are “specific” since their value in the labor market depends on the particular
job chosen.
When an individual starts his life, he is endowed with a vector of human capital. Initial
math and verbal human capitals, denoted Hm,0 and Hv,0 , are drawn from independent distributions Fj (·) for j = {m, v}. While in college, an individual’s math and verbal human capital
evolve as a function of the chosen major according to
Hj,1 = Hj,0 + µH
j,f ⇤ , for j = {m, v}

(1)

where f ⇤ indicates the chosen field of study. The accumulation of human capital through
major choice is assumed to be independent of the initial levels of the math and verbal skill.
It is theoretically possible to identify heterogenous returns given the available data, however,
in practice identification would be rather weak.

3.2

Wages

Once in the labor market individuals receive a wage that depends on their major field of study,
their post-schooling human capitals, and whether the chosen job is directly related to the field
of study of the worker:
ln wr,f ⇤ ,t = pr,f ⇤ ,m Hm,t + pr,f ⇤ ,v Hv,t .

(2)

The t subscript indicates calendar time, while the r subscript indicates whether the job is
related to the studies of the individual. The coefficient on each type of human capital depends
on both the individual’s major and the relatedness status of the job. This reflects the idea
that workers from di↵erent schooling backgrounds sort into di↵erent occupations that possibly reward each type of human capital di↵erently. Similarly, related jobs may reward skills
di↵erently than non-related jobs.
Although it is reasonable to expect that human capital evolves once in the labor market
as a result of accrued experience and/or post-secondary education investment, we assume
that human capital remains constant since we have relatively few wage observations in the
time dimension. Thus, Hj,t = Hj,1 8 j. However, in order to allow for the fact that wages
increase both with time and the acquisition of a graduate degree, we also include in our wage
specification a time dummy and a graduate degree dummy that depends on the major chosen.
13

Under the assumption that human capital is fixed upon entering the labor market, we can
utilize Equation (1) to re-write the wage as a function of the initial levels of human capital:
ln wr,f ⇤ ,t = pr,f ⇤ ,c + pr,f ⇤ ,m Hm,0 + pr,f ⇤ ,v Hv,0 .

(3)

As a result we obtain a wage constant that is a function of both the chosen major and job
obs
type. Finally, we assume that the econometrician observes ln wr,f
⇤ ,t = ln wr,f ⇤ ,t + ✏r,f ⇤ ,t , where

✏r,f ⇤ ,t ⇠ F✏ (·) and the variance of ✏r,f ⇤ ,t is allowed to di↵er across majors and relatedness.13

3.3

Measurement Equations

A crucial component of our empirical analysis is the availability of observable measures of
individual ability, such as SAT scores and college GPAs. These measurements allow the
econometrician to have a direct, although imperfect, look at the individual’s human capital.
Math and verbal SATs are taken prior to starting college and therefore are useful for identifying
math and verbal human capital prior to choosing a college major. Subject-specific GPAs
provide additional information regarding the post-collegiate human capital that individuals
will ultimately bring to the labor market.
Although we assume that measures of scholastic aptitude such as the SAT and GPA
contain information about an individual’s labor market skills, we want to allow for the possible
distinction between being a good student and being a good worker. Therefore, we introduce
the concept of scholastic ability, which we denote by ⌫j,0 for j = {m, v}. The math and verbal
scholastic abilities are orthogonal to each other and to the student’s human capital. Similar
to the math and verbal human capital, we let the scholastic abilities evolve with major choice
according to
⌫j,1 = ⌫j,0 + µ⌫j,f ⇤ , for j = {m, v} .

(4)

Scholastic performance, as measured by the SAT and GPA, is assumed to be a function of
the sum of human capital and scholastic ability: Aj,0 = Hj,0 + ⌫j,0 for j = {m, v}. We refer
to Aj,0 as the pre-college total math or verbal ability. Utilizing our definition of total ability,
13
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we assume that the SAT math and verbal measurements are determined according to:
SATm = ⌘m,c + ⌘m,m Am,0 + um
SATv = ⌘v,c + ⌘v,v Av,0 + ⌘v,m Am,0 + uv .

(5)

The residual components, um and uv , are measurement error and are orthogonal to the total
abilities. The math SAT score is a dedicated measure of the student’s total math ability, while
the SAT verbal score is a function of both total verbal and total math ability. We include
total math ability in the verbal score since SAT scores are highly correlated in the data.14
The subject-specific GPAs are similarly defined:
GP Af,f ⇤ = ⌘f,f ⇤ + ⌘f,m Am,1 + ⌘f,v Av,1 + ugpa
f
where Aj,1 represents the post-schooling level of total ability. Notice that we allow the constant
of the GPA equation to depend on the major actually chosen. This feature can capture the fact
that students may take easier courses in fields outside their major field of study. Similar to the
wage equation, we can express the GPA measurement equations as a function of the initial
level of total ability, utilizing the accumulation equations for human capital and scholastic
ability.
GP Af,f ⇤ = ⌘˜f,f ⇤ + ⌘f,m Am,0 + ⌘f,v Av,0 + ugpa
f

(6)

The constant in the above equation now includes the subject-specific shifters for human capital
and scholastic ability illustrated in Equations (1) and (4).
Our assumption that human capital and scholastic ability evolve as a function of the major
field of study may not be ideal in the presence of double majors. Fortunately in our data set
only 5% of students have multiple majors. The GPA measurements are assumed to be missing
at random, and the random components uf are assumed to be mean zero, independent of the
human capitals, but with potentially di↵erent distributions across fields.15
14

The exclusion of verbal human capital from the SAT math measurement is without loss of generality. Its

inclusion would simply require a re-labeling of the “math” human capital. Note that the math and verbal labels
are themselves arbitrary.
15
It should be noted that GPA measurements are missing for those students that have not taken classes in
that particular subject and therefore the assumption of random attrition, although convenient, is quite strong.
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3.4
3.4.1

Dynamic Problem
Labor Market

Upon entering the labor market individuals decide whether to work in a job related to their
field of study.16 When choosing whether to work in a job related to the field of study, workers
consider the monetary and non-monetary components of the utility associated with each type
of job. Although we assume that related jobs are always available, a large non-monetary
cost could capture the fact that these jobs are more difficult or costly to obtain. We assume
that the non-monetary component of the utility is separable with respect to the monetary
component and is given by:
Cr,f ⇤ ,t = cr,f ⇤ ,t (Hm,1 , Hv,1 , Zr,t , rt

1)

+ uC
r,t .

(7)

uC
r,t is assumed to be an idiosyncratic preference shifter that is uncorrelated with the human
capitals. The variable Zr,t is an exogenous shifter for the non-monetary preferences for related
jobs. In the empirical implementation we utilize state-specific deviations from the national averages of the fraction of workers in related jobs, controlling for average wages and demographic
composition. rt

1

is an indicator variable for whether the individual worked in a related job

in the previous period.17 We include this to capture the fact that switching job types can be
costly.
We assume that the value of retirement is equal to the present discounted value of the
utility derived from pension payments, which are assumed to be equal to the last wage earned
in the market. While working, the value function at the beginning of a period t is given by:
Vt (f ⇤ , Hm,1 , Hv,1 , Zt , rt
16

1)

= EuCr,t {max{Cr,f ⇤ ,t + U (wr,f ⇤ ,t (·))}} + Vt+1 (·) .
r

(8)

Although the choice of acquiring a graduate degree is clearly related to the human capital of an individual,

we decided to treat graduate studies as an exogenous variable known to the agent since the beginning of life,
and it is suppressed in the presentation of the model for expositional clarity. This choice simplifies greatly the
computation of the likelihood function and reduces the number of the parameters to be estimated. We believe
that the results are not strongly a↵ected by this simplification given that in our sample workers with graduate
degrees do not earn appreciably larger wages than workers without them (around 7%) and the sorting into
those studies does not look very di↵erent across majors. Previous preliminary estimations of a version of this
model with endogenous graduate studies support this hypothesis.
17
We assume that r0 = 0 for all graduating seniors.
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Once the time t preference shocks are revealed, individuals choose relatedness to maximize
current utility. Thus, the model predicts that the probability a person works in a related job
at time t is:
C
P r(rt = 1) = P r(c1,f ⇤ ,t (·) + uC
1,t + U (w1,f ⇤ ,t (·)) > c0,f ⇤ ,t (·) + u0,t + U (w0,f ⇤ ,t (·)))

= P r(uC
0,t

⇤
uC
1,t < ⌥(f , Hm,1 , Hv,1 , Zt , rt

1 )).

(9)

In our empirical implementation, we estimate the above reduced-form choice probability
rather than attempt to separate the parameters governing the non-monetary and monetary components of utility.

Notice that we can replace the post schooling human capi-

tals with the pre-schooling values using the accumulation process outlined in Equation (1):
P r(rt = 1) = P r(uC
0,t
3.4.2

Schooling

e ⇤
uC
1,t < ⌥(f , Hm,0 , Hv,0 , Zt , rt

1 )).

Prior to entering the labor market, individuals must decide which field of study to pursue.
We assume that this choice is made under uncertainty, i.e., individuals do not observe their
human capitals (Hm,0 , Hv,0 ) but only their total abilities (Am,0 , Av,0 ). As a result, individuals
will utilize the available information to infer what their future human capital will be. We
assume that the true human capitals are revealed upon entering the labor market.
When choosing a college major, students consider the the non-monetary components of
the utility associated with each major and the impact their major choice will have on future
labor market outcomes. We assume that the non-monetary component of the utility over
major choice is separable with respect to the future labor market returns and is given by:
G
P
UG
CfU G = cU
f (gpaf , Zf ) + "f .

(10)

The non-monetary component of the major choice is a function of the GPA that a student
would achieve if he decides to choose that major, defined as gpaPf , a vector of variables Zf
that are assumed to be exogenous conditional on observables, and an idiosyncratic preference
G
18 In our empirical implementation
shifter, "U
f , that is uncorrelated with the human capitals.
18

To derive the potential GPA in field f , we first recover the random component of the GPA, uf , using the

realized GPA and the actual major choice. Thus, we are assuming that the draw on the random component is
both fixed and known at the time of the major choice. For those individuals with missing GPA measures, we
draw uf from the appropriate distribution to generate the potential GPA.
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Zf is the share of students in each field at the chosen college and whether the student’s parents
are foreign born. While the selected college may not be chosen randomly, we are implicitly
assuming that conditional on the SATs, the share of students in each major a↵ects student
choices through channels other than human capital.
The value function associated with the major choice while in college is given by:
⇢
P
V0 Am,0 , Av,0 , gpa = E"U G max CfU G + EH0 [V1 (f, ·)]
.
f

(11)

The first expectation reflects the uncertainty over the idiosyncratic preference shifter prior
to making the major choice. The second expectation captures the idea that students are
uncertain about their underlying human capitals. Once the idiosyncratic component of utility
is revealed, students choose the major that yields the highest expected utility. Thus, the
probability that a student chooses major j, P r(f ⇤ = j), is equal to:
G
UG
P r cU
j (·) + EH0 [V1 (j, ·)] + "j

G
0
UG
cU
j 0 (·) + EH0 [V1 (j , ·)] + "j 0

8j 0

The value functions associated with the future labor market outcomes are defined over the
human capitals and the exogenous shifter for the non-monetary preferences for working in a
related job. We can thus re-write the above probability of choosing major j as
G
P r "U
j

G
"U
j0

EH 0

⇥

P
j 0 (H0 , gpaj 0 , Zj 0 )

⇤

EH 0

⇥

P
j (H0 , gpaj , Zj )

⇤

8j 0

(12)

where Zj includes all the exogenous variables of the model. In our empirical implementation,
we estimate the above reduced-form choice probability as opposed to explicitly solving the
dynamic problem.

3.5

Identification

In this section, we discuss how several key parameters of the model are identified. We focus
primarily on the identification of the wage parameters of Equation (3), the measurement
parameters of Equations (5) and (6), and the standard deviations of the unobserved human
capitals. Our strategy is based on an infinity argument as in Carneiro et al. (2003) and we refer
to that paper for all the technical details. This assumption implies that we can move some
element of the vector of exogenous variables Z in such a way that the resulting probability
of selecting a certain combination of major choice and relatedness is equal to one. Clearly
18

the infinity argument is a strong argument when compared to the patterns that we observe in
the data. Our point of view is that this identification strategy indicates whether theoretically,
the data can be rich enough to identify the model even without any restrictions implied by
distributional assumptions. Of course, imposing a set of distributional assumptions will help
in the actual implementation of the estimation.
In our empirical implementation we assume that agents can choose among 3 majors: business (B), science (S) and other (O). We normalize the factor loadings of the math and verbal
total abilities in the SAT math and verbal measurement equations (⌘m,m , ⌘v,v ) to one. Additionally, we normalize all random variables to have mean zero. These are done without loss
of generality.
We start by considering the identification of the parameters of the GPA measurement
equations, the variances of the total abilities

2
Am ,

2
Av

, and the parameter ⌘v,m that governs

the correlation between the math and verbal SAT measures. In order to prove the identification
of these parameters consider the following covariances
A = cov (SATm , SATv ) = ⌘v,m

2
Am
2
Am

Bf

= cov(GP Af , SATm ) = ⌘f,m

Cf

= cov(GP Af , SATv ) = ⌘v,m ⌘f,m

Df,f 0

2
Am

= cov(GP Af 0 , GP Af ) = ⌘f,m ⌘f 0 ,m

+ ⌘f,v

2
Am

2
Av

+ ⌘f,v ⌘f 0 ,v

2
Av

calculated for fields f , f 0 and f 00 and all their combinations. Working with these 10 equations
it is possible to show that:
⌘v,m =

Df,f 00 Cf 0
Bf 00 Cf 0 Cf 00 Bf 0
Bf
+
A

Once ⌘v,m is identified we can also recover

2
Am ,

Cf 00 Df,f 0
Df,f 00 Bf 0
2
Av

Bf 00 Df,f 0

and (⌘f,m , ⌘f,v ) for all f . The measure-

ment constants can then be identified by looking at the average SAT scores and the average
GPAs across major for individuals that have a probability one of selecting each of the three
majors.
Treating the measurement parameters and variances of the total abilities as known, we can
now study the identification of the labor market parameters (pr,f ⇤ ,m , pr,f ⇤ ,v ) and the human
19

capital variances

2
Hm ,

2
Hv

. Consider first the set of agents that choose with probability one

major f or major f 0 and work in a job unrelated to their field of study.19 Calculating the
covariances of the wages with the SAT measures and the auto-covariances of the wages we
obtain:
2
Hm

af

= cov(ln wr,f,t , SATm ) = pr,f,m

bf

= cov(ln wr,f,t , SATv ) = ⌘v,m pr,f,m

cf

= cov(ln wr,f,t , ln wr,f,t

1)

2
Hm

= (pr,f,m )2

+ pr,f,v
2
Hm

2
Hv

+ (pr,f,v )2

2
Hv .

Working with this set of 6 equations we can solve for the value of pr,f,m :
pr,f,m =

a f c f bf 0

↵af 0

2

af cf 0 (bf

a2f bf 0

↵af 0

2

a2f 0 (bf

↵af )2
↵af )2

(13)

and subsequently all other parameters. Now that we have the variance of the human capitals
we can also calculate the variance of the scholastic abilities by subtracting the former from the
variance of total ability. The identification structure relied on ⌘v,m being di↵erent from zero.
However, we can also identify all the parameters even if ⌘v,m = 0.20 Once the identification
of these parameters is achieved we can apply Kotlarski’s theorem (1967) as in Carneiro et
al. (2003) to show the non-parametric identification of the distribution of the unobserved
variables.
Notice that we have shown identification of the “reduced form” equations, in the sense
that we have not identified the structural parameters that govern the evolution of the human
capitals. As an example, we have shown identification of Equation (3), where the constant
in this equation incorporates the major specific returns to math and verbal human capital.
For the purposes of this paper, the parameters we have identified are sufficient to describe
the model. With some additional normalizations we could identify the underlying structural
parameters, however, we do not follow this approach. What we have not shown here but it is
also crucial for our estimation is the identification of the parameters describing the functions
e ⇤ , Hm,0 , Hv,0 , Zt , rt
⌥(f
19

1)

and

P
j (H0 , gpaj , Zj ).

In this case we approximate these functions

Using the same infinity argument we can also identify the wage constants by looking at the average wages.

Similarly, to identify the variances of all measurement errors we can utilize the variances of the associated
observable measures.
20
Results available upon request.
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with linear specifications and apply the standard normalizations (for example

j

= 0 for

j = Other). By looking at the correlations between the choices and the measurements we can
identify these functions.

4

Estimation and Model Fit

In this section we discuss estimation of the model parameters. We estimate our model by
maximum likelihood. Let the data for an individual i be:
Yi = {fi⇤ , SATi , GP Ai , Gi,t , ri,t , wi,t , Zi }

for t 2 {1994, 1997, 2003}

(14)

where fi⇤ = {Science(S), Business(B), Other(O)}, rit = {1 if Related, 0 if Non-Related}, SATi
includes both math and verbal scores, and GP Ai includes grades across the three major fields.
Z is the vector of exclusion restrictions while G is a dummy for graduate studies (which are
assumed to be exogenous to the model). ⌦ is the vector of parameters that describe the model.
For expositional convenience, suppose for a moment that the econometrician is able to observe the human capitals Hi = {Hi,m,0 , Hi,v,0 } and the total abilities Ai = {Ai,m,0 , Ai,v,0 }. Under this assumption, the individual contribution to the likelihood function L(Yi |Zi , Hi , Ai ; ⌦)
can be written as follows:
L(Y |Z, H, A; ⌦) = Pr(f ⇤ |Z, A, gpaP ; ⌦)
Y
⇥
fuSAT (SATj |A; ⌦)) ⇥
j

j2{m,v}

⇥ Pr(r1994 |Z, H, f ⇤ , Gt ; ⌦) ⇥
⇥

Y

t2{1994,1997,2003}

Y

j2{S,B,O}

Y

fuGP A (GP Aj |A, f ⇤ ; ⌦))

t2{1997,2003}

j

Pr(rt |Z, H, f ⇤ , Gt , rt

fuwage
(wt |Z, H, f ⇤ , Gt , rt ; ⌦)
t

1 ; ⌦)

(15)

where for ease of presentation we suppress the individual subscripts. Note that in the probability of working in a related job the lag related measure refers to the previous survey year.
In order to calculate the terms in the above likelihood function we need to impose some parametric assumptions. As noted earlier, we assume that the utility for each major choice and
each relatedness choice contains an idiosyncratic extreme-value shock, which yields a simple
logit-type probability for both choices. We also assume that the measurement errors in the
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GPAs, SATs, and wages are normally distributed. We let the dispersion of the idiosyncratic
component of log wages vary by education and type of job.
Of course the econometrician cannot observe Hi or Ai , so we cannot evaluate the above
likelihood function directly. The unobserved random variables must be integrated out of the
likelihood function:
L(Y |Z; ⌦) =

Z

L(Y |Z, H, A; ⌦)dFH,A (H, A; ⌦)

(16)

We assume that the unobserved human capitals and scholastic abilities are normally distributed, and take 20,000 draws from the vector of the unobserved human capitals and scholastic abilities to evaluate the above integral.
In order to calculate the probability of choosing a certain major, we need to calculate the
expected human capitals conditional on the total abilities and the model parameters. Recall
that when making the major choice, students only observe the sum of their scholastic ability
and human capital. Under the assumption of normality, we can derive closed form solutions
for these expectations rather simply. For each iteration of the likelihood function we update
these expectations and plug them into the utility function over major choice. If the GPA is
missing we integrate the probability over the distribution of its measurement error.
The full set of 83 parameter estimates and standard errors from the model are reported
in Appendix Tables A.1, A.2, and A.3.21 Note that when we estimate the model we restrict
the loading on the total math ability in the verbal SAT equation (⌘v,m ) to zero and utilize
a residualized version of the verbal SAT score as a dedicated measure of total verbal ability.
The residual verbal SAT score is obtained as the residual from a regression of the verbal SAT
score on the math SAT score. We found that the model fit the data better utilizing this
restriction, since it essentially allows the original measurement errors of the SAT equations to
be correlated.22 Finally, we restrict the coefficients on the math human capital in the wage
21
22

We calculate standard errors by inverting a numerical approximation of the Hessian.
The SAT math and verbal tests are taken at essentially the same time, so it is likely that the components

of the test scores unrelated to ability are correlated. Utilizing the residualized version of the SAT verbal score
as a dedicated measure of verbal ability is consistent with our original model specification if we assume that
the projection coefficient of total verbal ability on total math ability is equal to the projection coefficient of the
verbal SAT measurement error on the math SAT measurement error. Note that it is not possible to identify
the correlation in the error term and therefore our assumption cannot be tested.
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equation and the coefficients on potential GPA in the major specific utility equations to be
positive.23
There are a few results worth pointing out directly. The standard deviation of the verbal
human capital is quite small, while the standard deviation of the scholastic verbal ability is
positive and economically significant. This implies that there is little information about the
verbal human capital in the SAT verbal and GPA measures. As a result, the variability in
the expected verbal human capital is quite small relative to the variability in the true verbal
human capital. More precisely,

E[Hv,0 ]
Hv,0

= 0.10. Thus, there is minimal sorting into major

based upon verbal human capital despite the rather large coefficients in the major choice
equation.
In contrast, the standard deviations of the math human capital and math scholastic ability
are both positive and economically significant. This suggests that the SAT math and GPA
measures contain useful information about math human capital. In fact, the ratio of the
standard deviations of expected and actual math human capital is much larger then the
corresponding verbal ratio,

E[Hm,0 ]
Hm,0

= 0.32. Additionally, the coefficients indicate that math

human capital plays an interesting role in the science field. Math human capital yields no
return for science majors who work in non-related jobs, but yields a large return in related
jobs. The gap in wage returns to math human capital across job type for the other two major
categories is considerably smaller. Similarly, the baseline return to working in a related job
is much higher for science majors than for the others. These two sets of estimates are quite
consistent with our reduced form analysis.
For additional evidence regarding the fit of our estimated model, we perform a set of
simple validation exercises. Using the estimated model parameters we simulate major choices
and labor market outcomes for a large number individuals (20 times the size of the original
sample). We then compare the simulated data to the actual data, the results of which are
shown in Tables 5 and 6. In Table 5 we can see that the model does a good job fitting the
basic patterns in the data. The model captures the fact that students who choose to major
in a science related field are strongly positively selected on SAT math scores and negatively
selected on residual SAT verbal scores. Business majors have low math and residual verbal
23

When calculating standard errors, we assume that the parameters that hit the non-negativity constraints

are equal to zero.
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SAT scores in both the data and model. Table 6 indicates that the model also captures the
key patterns from our reduced-form wage regressions quite well. In particular, we match the
unconditional mean wages across major as well as the di↵erential in the returns to relatedness
across major in the wage specification controlling for SAT and GPA.
One moment we fail to match precisely is the negative returns to SAT verbal in the labor
market. We are able to capture the sign, but not the magnitude of the conditional relationship
between SAT verbal and wages. The model has difficulty replicating the wage impact of our
three measures of ability, SAT math, verbal, and GPA, with only two types of human capital.
A third type of human capital that a↵ects GPA only would help fit the data better, however
this adds to the computational burden and is left for future research.

5

Results

While the parameter estimates and model fit are informative, the primary advantage of the
structural approach is that we can utilize our model to estimate the returns to college major
and quantify the specificity of human capital when individuals di↵er in their unobserved
abilities. However, our structural framework is predicated on the assumption that individuals
are uncertain about their underlying human capitals at the time of the college major decision.
Thus, we first want to examine whether our key informational assumption is consistent with
the data prior to investigating returns and human capital specificity.

5.1

Testing the Information Set

Our baseline model assumes that individuals are uncertain about their true underlying human
capitals when they make their major choice. Specifically, one of the arguments of our linearly
approximated choice function E( ) is E(H0 |A), which implies that students can only extract
some information about their human capital from their total ability. Alternatively, students
may be able to observe H0 directly and therefore base their major decision on this rather
than on expectations of H0 . Similar to Carneiro et al. (2003), Cunha et al. (2005), Navarro
(2011), or Guvenen and Smith (2010), testing the information set of the agent is essentially
equivalent to testing whether the individuals choices are a function of the human capitals or
their expected values.
24

Rather than assuming that individuals either know or do not know their human capitals,
we specify a more general setting in which agents base their decision on the value of:
↵E[Hj,0 |A; ⌦] + (1

↵) Hj,0 for j 2 {m, v},

where 0  ↵  1. When ↵ = 0 we obtain the main specification of our model and when ↵ = 1
we obtain an alternative specification with perfect knowledge about human capital. When we
estimate this model with ↵ as a free parameter, we maximize the likelihood function at ↵ = 0,
obtaining the same estimates reported in Section 4. This result indicates that the model with
uncertainty provides a better fit of the underlying data. To determine whether the model with
uncertainty is statistically di↵erent from the alternative we construct a confidence interval for
↵. In order to calculate the confidence interval for ↵, we have to account for the fact that the
parameter space is bounded and that the estimate of ↵ hits one of the boundaries. Assuming
that ↵ is the only parameter that lies on the boundary, we can use the results of Chant (1974)
and Self and Liang (1987) that show that the estimated parameter is distributed as a truncated
normal. The 95% confidence interval for ↵ is [0, 0.005] and therefore we strongly reject that
↵ = 1.
While we are able to easily reject the full information setting, it is interesting to consider
what would happen if we instead estimate a model that assumes perfect knowledge. Although
we do not present the parameter estimates and model fit from the perfect knowledge model,
we find that this model is not able to capture the patterns in the data as well as the model
under uncertainty. More precisely, the sorting into major based on math and verbal ability
is not as strong as in the data, nor as strong as in the benchmark model. In fact, there is
essentially no sorting into major associated with SAT verbal scores, a persistent feature of
schooling data.

5.2

Counterfactuals

Having established that individuals make their major choices with limited information, we
now estimate the true returns to major and relatedness, and quantify the role of varying skill
prices. In all of the following regressions we use data simulated from the model as described
at the the end of Section 4.
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5.2.1

The Returns to Major Choice and Relatedness

Here we provide our estimates of the average return to each major if we forced students into
each major (Average Treatment E↵ect - ATE), the average return to each major for those who
selected that major (Treatment of the Treated - TT), and finally the average return for those
that selected a di↵erent major (Treatment of the Untreated - TUT). In Table 7, we report the
results jointly with the OLS estimates from Table 6. Across the population, the average return
to a business degree declines to 0.15 log points from an OLS estimate of 0.19. The estimated
return to obtaining a science degree drops from 0.23 log points in the OLS specification to 0.12
in the structural model. In contrast, controlling for observable measures of ability using SAT
and major specific GPA reduces the OLS returns by only one or two log points, highlighting
the importance of accounting properly for the presence of measurement error in the available
ability measures. Yet, despite the declines, the average return to obtaining a business or
science degree continues to be quite large.
The reduction in the wage returns to major relative to the OLS model is a result of sorting
into field of study based on the expected underlying human capitals. Given that students have
very imprecise signals of their verbal human capital, most of the sorting is related to math
human capital. In particular, the average math human capital for those who choose science in
our simulated data is 0.042, which is 0.25 standard deviations above the unconditional mean.
The corresponding values for business and other majors are -0.019 (0.11 SD) and -0.005 (0.03
SD). The high returns to math human capital in the science field combined with the sorting on
math skill helps explain the large observed wage gap between science and the residual major
group.
In the remaining columns of Table 7, we report the average returns for those who selected a
business, science, or residual major, respectively. The average returns to a business or science
degree do not vary much across the population. Science majors actually have the highest
return to obtaining a business degree relative to the other major, reflecting the large return to
math human capital for business majors. The main conclusion to draw from Table 7 is that
there are real di↵erences in the monetary returns to majoring in business or science. However,
individuals continue to major in the residual category, reflecting the fact that the non-monetary
preferences over field of study and job type play a large role in individual schooling choices.
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Within our framework, we are unable to separate the e↵ect of human capital on major choices
through preferences versus future returns. However, both Arcidiacono (2004) and Be↵y et al.
(2009) find that much of the sorting into technical fields is related to preferences as opposed
to expected income.
The reduced form evidence presented in Section 2 indicates that not only do individuals
majoring in science related fields earn a significant wage premium, but also that this premium
varies greatly according to the type of job the individual ultimately chooses. The evidence
from Table 7 indicates that the average return to science is smaller than the reduced form
evidence indicates. Table 8 examines whether the wage returns associated with working in a
related job are robust to sorting based on unobserved skill.
The first column of Table 8 presents the OLS estimates of the returns to working in a
related job across all fields estimated on the simulated data.24 Note that the numbers in
Table 8 are not the coefficient estimates themselves, but rather the total returns which require
adding the business and science coefficients to the coefficient for the residual major group.
The results are quite similar to those presented in Section 2, however, the OLS estimates
are likely biased by both sorting into major and relatedness. One method for minimizing
this bias is to incorporate individual fixed e↵ects, a strategy we pursued in the reduced form
analysis of Section 2. The second column of Table 8 lists the relatedness returns estimated
on the simulated data when individual fixed e↵ects are incorporated. The results are quite
similar to the fixed-e↵ect estimates presented in Table 4, an indication that our model is able
to replicate the returns to working in a related job for those workers who are on the margin
between working in a related and non-related job.
As noted in Section 2, the problem with the fixed e↵ect approach is that the estimated
returns for the marginal worker likely understate the returns for the average worker. This is
borne out by the results in column 3 of Table 8, which presents the average return to working
in a related job when there is no selection into major. In other words, these numbers reflect the
population returns to working in a related job for each major. For all three majors, the average
return to working in a related job is higher than the corresponding fixed-e↵ect estimate. When
we compare the average returns to the OLS estimates, we find that for the other major group
the return to relatedness is slightly higher than the OLS results would suggest, while it is
24

In each regression we also control for major, year, and graduate degree e↵ects.
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lower for business and science majors. In particular, the return to a related job for students
choosing science drops from 0.28 in the OLS regression to 0.24 in the structural human capital
model. The di↵erence in the returns to relatedness for the other major relative to the OLS
estimates arises from the fact that high verbal human capital individuals are more likely to
work in related jobs. The loading of verbal human capital in the wage equation for other
majors is large and negative for non-related jobs and negative but smaller for related jobs.
Essentially, individuals with low verbal skills tend to work in unrelated jobs and actually earn
more then they would have in a related job, shrinking the gap in wages between related and
non-related jobs in the OLS regression. The reduction in the return to relatedness for science
majors relative to OLS is instead driven by positive sorting into related jobs based upon math
human capital.
Columns 4 and 5 of Table 8 then consider the same returns, but condition on the individuals
actual choice of relatedness. Not surprisingly we see that the group that chooses to work in
related jobs tends to benefit more financially. This is not true, however, for business majors,
where the return to relatedness is slightly smaller among those choosing to work in related
jobs. Again, preferences over job types likely induce some workers to choose related jobs even
though they could earn more in non-related jobs.
The final three columns of Table 8 present the average returns to relatedness conditional
on major choice. Overall, the patterns in the returns to relatedness are quite similar to those
presented in columns 3 through 5. There are small increases in the returns for science majors,
a result of the fact that high math human capital students tend to sort into the science field
and high math human capital individuals benefit the most from working in a related job.
The results presented in Table 7 indicate that the return to college major is significantly
smaller then what is observed in the OLS regressions. However, Table 8 indicates that the
returns to working in a related job are quite similar to those produced by the OLS regressions.
The sizeable returns to working in a related job indicates that the specificity of human capital
within major is a distinct feature of the data. In the next section we investigate further the
specificity of schooling human capital.

28

5.2.2

The Importance of the Specificity of Human Capital

As a final exercise, we decompose the within-major variation in wages related to human capital
into general and specific components.25 Recall that the wage equation is given by
ln wr,f ⇤ ,t = pr,f ⇤ ,c + pr,f ⇤ ,m Hm,0 + pr,f ⇤ ,v Hv,0 .
We view the wage variation that arises strictly through Hm,0 and Hv,0 as variation in the
general skills that individuals bring to the labor market. In contrast, the variation in wages
due to p is related to how math and verbal general skills apply to a specific type of job.26
The variation in wages related to general human capital can be pinned down by fixing the
p’s for each major using a weighted average of the related and non-related coefficients. We use
the predicted proportion of individuals within each major working in related jobs as our weight.
Combining these coefficients with the within-major variation in human capital we can easily
generate the overall variation in wages related to general human capital. Table 9 provides
the decomposition of wages into initial human capital and other components, followed by a
decomposition of the impact of initial human capital into its general and specific components.
We find that initial human capital plays the largest role in the science field, explaining 33% of
the overall variation in wages. Additionally, we find that variation in math and verbal human
capital alone is responsible for 95%, 76%, and 91% of the overall variation in wages related
to human capital for business, science, and other majors. Thus, not only does human capital
play the largest role in the science field, but the specificity of its application is also large
relative to business or other majors.27 The results in Table 9 also complement the evidence
25

The initial human capitals and their coefficients are responsible for approximately a third of the overall

wage variation. The remaining variation arises through the graduate degree and year dummies, as well as the
measurement error. Obtaining a graduate degree and/or accumulating additional work experience certainly
boosts human capital. Thus, the wage variation arising from human capital is most certainly larger than what
is presented here.
26
Notice that we only explore the within major variation in wages when decomposing wage variability into
its general and specific components. However, the between major variation could potentially be decomposed
into general and specific components given that the price of human capital di↵ers by major. We are unable to
do this since we cannot decompose the cross-major variation in the wage constants into specific and general
components. This is a consequence of estimating the reduced-form parameters of the model rather than the
structural parameters governing the accumulation of human capital. Therefore, the results of this section can
be seen as a lower bound of the importance of specific human capital.
27
It should be noted that the residual major group has the greatest overall variability in wages. Therefore,

29

on the returns to relatedness presented in Table 8. Science majors have the highest returns to
working in a related job and also the greatest dispersion in wages induced by the presence of
specificity. In contrast, the specificity of human capital plays the smallest role in both returns
and wage dispersion for business majors.
The existence of both human capital specificity and uncertainty about one’s human capital
has the potential to make the college major decision a risky one. Individuals who are uncertain
about their underlying human capital may want to choose majors whose wages vary less with
human capital. The specificity of human capital is an additional source of risk in the sense
that even within major the returns to human capital can vary considerably. While we are
unable to estimate directly the role that risk plays in the choice of major, we find evidence
that in addition to taste, there is room for risk to help explain why so few students choose
to major in science related fields. The fact that relatively few students also tend to choose
a business degree is unlikely to be explained by risk, since as noted above the specificity of
human capital plays the smallest role in the wage dispersion for business majors.

6

Conclusion

It is well documented that the returns to obtaining a college degree vary significantly across
fields of study, with business and science majors earning a significant wage premium relative
to all other fields. In this paper we illustrate that there also exists significant variation in
wages within major according to the type of career an individual pursues. The question is
whether the observed di↵erences in wages are driven by selection, or if there truly di↵erential
returns both within and across field.
We estimate a structural human capital model that allows for sorting into major and job
type based on observed and unobserved characteristics to determine whether the observed wage
gaps are driven primarily by selection. Our findings indicate that selection plays a significant
role in generating the observed wage gaps across major, particularly in the sciences. However,
the large wage gaps across job type are instead explained by true di↵erences in returns. Even
there is still much to learn about what generates such variability. The residual group is certainly the most
heterogenous in terms of the underlying group of majors and we cannot rule out that a large fraction of what
we impute as the e↵ect of measurement error is in reality a dimension of heterogeneity that we do not account
for.
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when we account for selection into major, the returns to business and science majors are still
economically significant. Thus we are still left with the question of why do individuals pursue
less remunerative majors?
One reason individuals may not pursue a science degree is a lack of knowledge about the
true returns. Future success in the labor market depends on the skills a worker accumulates
and the type of job pursued. If individuals do not know precisely their skills when making
their major choice, then they face two sources of uncertainty. First, there is a risk that the
human capital students accumulate will be de-valued if they do not obtain a job related to their
field of study. Second, upon obtaining a related job, individuals face an uncertain wage since
they do not know their skill level exactly. This story is consistent with our finding that both
dimensions of uncertainty may make science and math related majors unattractive relative to
business or other majors. Human capital plays the largest role in wages for science majors, and
the specificity of human capital is also most severe for graduates with a science degree. The
impact of skill uncertainty on major choice has thus far not been considered when designing
policies to increase the number of students majoring in science and technology fields. However,
reducing risk by incrementing information might be more valuable than utilizing monetary
incentives, such as those provided by the SMART grant.
While we find evidence of both human capital uncertainty and specificity related to the
college major decision, we are unable to estimate precisely the e↵ect risk has on individual
decisions. Allowing for a flexible human capital framework and individual uncertainty leads
to a computationally intensive model, and as a result, we do not separately estimate monetary
and non-monetary preferences over major and working in a related job. However, this makes
it difficult to convincingly estimate the curvature of the utility function, which is crucial for
understanding the importance of risk. Yet, we believe that risk is an important piece of the
puzzle for understanding college major choice. Future research should seek to estimate the
e↵ect of risk on major choice more directly, while also incorporating additional sources of
risk not considered here, such as risk related to college dropout, the business cycle, and wage
variability over the life cycle.
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Table 1: Schooling Statistics
Overall

Age in 1993

by Major

23.31

SAT Math

(1.48)

SAT Math

542

SAT Verbal

(116)

SAT Verbal

473

Business GPA

(103)
Business Credits
% Business Major

26.12

% Math/Science Major

24.66

% Other Major

% Graduate Degree

Science GPA

49.22

Science Credits

Science

Other

525

596

525

(113)

(106)

(111)

450

496

474

(98)

(105)

(102)

3.14

3.07

2.71

(0.44)

(0.75)

(0.78)

37.04

2.91

5.70

(18.98)

(7.55)

(12.16)

2.75

3.23

2.62

(0.65)

(0.47)

(0.7)

20.01

78.43

17.93

(12.61)

(29.34)

(17.24)

2.89

3.14

3.23

(0.51)

(0.53)

(0.45)

43.00

29.34

62.69

(25.51)

(19.88)

(33.47)

0.08

0.13

0.04

27.34
Other GPA

Both Parents Foreign Born

Business

0.08
Other Credits

Both Parents Foreign Born
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Table 2: Labor Market Statistics
Overall

by Major
Business

Science

Other

Job is Related to Major Field of Study

70.46

78.35

79.81

61.01

Log(Annualized Salary)

10.52

10.59

10.65

10.41

(0.62)

(0.60)

(0.57)

(0.65)

10.57

10.59

10.70

10.45

(0.59)

(0.58)

(0.52)

(0.62)

10.40

10.56

10.42

10.34

(0.69)

(0.66)

(0.69)

(0.69)

Log(Annualized Salary) if Related

Log(Annualized Salary) if NOT Related
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Table 3: Returns to College Major
Dep. Var.

Log(Inc)

Log(Inc)

Log(Inc)

Log(Wage)

Business

0.191*

0.181*

0.185*

0.162*

(0.024)

(0.024)

(0.023)

(0.021)

0.234*

0.210*

0.215*

0.198*

(0.021)

(0.022)

(0.022)

(0.021)

0.045*

0.042*

0.044*

(0.011)

(0.011)

(0.010)

-0.040*

-0.045*

-0.039*

(0.013)

(0.014)

(0.013)

0.070*

0.065*

(0.020)

(0.019)

Science

SAT Math/100

SAT Verbal/100

Major Specific GPA

Year/Graduate Degree E↵ects
N

Y

Y

Y

Y

4,927

4,927

4,927

4,927

*,** Indicate a coefficient is statistically significant at a 5 and 10% significance level. Heteroskedastic-robust
standard errors reported in parentheses.
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Table 4: Returns to College Major Accounting for Utilization
Dep. Var.

Log(Inc)

Business

0.143*

0.142*

(0.051)

(0.050)

0.019

0.023

(0.047)

(0.047)

Science

Job is Related to Studies

SAT Math/100

SAT Verbal/100

Major Specific GPA

Log(Inc)

Log(Inc)

0.063**

0.019

0.048

-0.346*

(0.035)

(0.030)

(0.030)

(0.165)

0.039

0.096**

0.003

0.042

(0.058)

(0.055)

(0.048)

(0.056)

0.229*

0.227*

0.118*

0.223*

(0.051)

(0.049)

(0.054)

(0.052)

0.041*

0.031*

0.030

(0.011)

(0.011)

(0.026)

-0.042*

-0.033*

-0.047

(0.013)

(0.012)

(0.032)

0.064*

0.085*

0.000

(0.020)

(0.019)

(0.093)

Business*Job is Related to Studies

Science*Job is Related to Studies

Log(Inc)

SAT Math/100*Job is Related to Studies

0.015
(0.028)

SAT Verbal/100*Job is Related to Studies

0.007
(0.034)

Major GPA*Job is Related to Studies

0.093*
(0.046)

Year/Graduate Degree E↵ects

Y

Y

Y

Y

Worker Fixed E↵ects

N

N

Y

N

Detailed Major E↵ects

N

Y

N

N

4,927

4,927

4,927

4,927

N

*,** Indicate a coefficient is statistically significant at a 5 and 10% significance level. Heteroskedastic-robust
standard errors reported in parentheses.
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Table 5: Model Validation: Summary Statistics
Business Majors

Science Majors

Other Majors

Data

Model

Data

Model

Data

Model

% Selected

26.1

26.1

24.7

24.9

49.2

49.1

SAT Math

529

539

596

582

525

527

Verbal Residual

-12.0

-10.9

-7.9

-14.8

10.4

13.7

Business GPA

3.15

3.16

3.11

3.14

2.78

2.83

Science GPA

2.76

2.77

3.23

3.21

2.64

2.67

Other GPA

2.91

2.92

3.16

3.14

3.24

3.25

Table 6: Model Validation: Wage Regressions
Data

Model

Data

Model

Data

Model

Business

0.191

0.187

0.185

0.190

0.143

0.149

Science

0.234

0.228

0.214

0.222

0.018

0.044

Job is Related

0.064

0.057

Related x Bus.

0.038

0.041

Related x Sc.

0.228

0.214

SAT Math/100

0.019

0.013

0.020

0.012

SAT Residual Verbal/100

-0.043

-0.005

-0.040

-0.004

Major GPA

0.069

0.061

0.063

0.054

Y

Y

Y

Y

Year/Grad

Y

Y
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Table 7: Returns to College Major
Sample by Chosen Major
OLS

All

Business

Science

Other

Business

0.191

0.150

0.134

0.163

0.152

Science

0.234

0.123

0.121

0.122

0.124

Y

Y

Y

Y

Y

Year/Grad controls

Table 8: Returns to Relatedness by Major
No Selection into Major

Sorting into Major

OLS

FE

All

Rel=0

Rel=1

All

Rel=0

Rel=1

Other

0.062

0.065

0.089

-0.009

0.146

0.086

-0.012

0.146

Business

0.102

0.050

0.058

0.060

0.057

0.049

0.044

0.050

Science

0.279

0.201

0.244

0.088

0.295

0.289

0.127

0.333

Y

Y

Y

Y

Y

Y

Y

Y

Major/Year/Grad
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Table 9: Log-Wage Decomposition
Business

Science

Other

Wage Variability

0.352

0.321

0.417

Fraction Related to Initial Human Capital

27.8%

32.7%

27.0%

General Skill

95.4%

76.3%

91.4%

Specificity

4.6%

23.7%

8.6%
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A

Parameter Estimates - Uncertainty
Table A.1: Skill Distributions
Standard Deviation Math Human Capital,

Hm

Standard Deviation Verbal Human Capital,
Standard Deviation Math Scholastic Ability,
Standard Deviation Verbal Scholastic Ability,

Hv
⌫m
⌫v

0.171

(0.024)

0.020

(0.005)

0.505

(0.025)

0.194

(0.015)

Table A.2: Major and Relatedness Choice Parameters
Major Choice

Relatedness Choice

Constant, Business

2.639

(0.307)

Constant, Business

1.755

(0.138)

E(Hm,0 ), Business

44.496

(7.086)

Hm,0 , Business

3.129

(0.448)

E(Hv,0 ), Business

-3014.164

(175.771)

Hv,0 , Business

40.411

(4.381)

Potential GPA, Business

0

-

Graduate, Business

1.739

(0.260)

Parents Foreign, Business

2.395

(0.444)

Lag Related, Business

1.008

0.075

Constant, Science

0.316

(0.253)

Constant, Science

1.224

(0.111)

E(Hm,0 ), Science

49.067

(6.209)

Hm,0 , Science

4.624

(0.943)

E(Hv,0 ), Science

-3618.706

(51.552)

Hv,0 , Science

6.042

(5.346)

Potential GPA, Science

2.924

(0.148)

Graduate, Science

0.874

(0.240)

Parents Foreign, Science

3.074

(0.218)

Lag Related, Science

1.754

(0.122)

0

-

Constant, Other

0.494

(0.071)

Hm,0 , Other

4.465

(0.721)

Hv,0 , Other

21.004

(2.586)

Graduate, Other

1.639

(0.149)

Lag Related, Other

2.047

(0.074)

1997 Dummy

-0.814

(0.073)

2003 Dummy

-1.458

(0.078)

Share Related

6.521

(0.788)

Potential GPA, Other

Own Share

5.893

(0.200)
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Table A.3: Wage and Measurement Parameters
Wage Coefficients

Measurement Coefficients

Hm,0 , Non-Related, Other

0.594

(0.330)

SAT Math Constant

5.444

(0.019)

Hm,0 , Non-Related, Business

2.178

(0.323)

SAT Verbal Constant

0.001

(0.014)

Hm,0 , Non-Related, Science

0

-

Hm,0 , Related, Other

1.268

(0.193)

Constant, Business

3.307

(0.029)

Hm,0 , Related, Business

1.532

(0.127)

Am,0 , Business

0.611

(0.036)

Hm,0 , Related, Science

1.323

(0.184)

Av,0 , Business

0.847

(0.100)

Hv,0 , Non-Related, Other

-18.557

(0.909)

⌘O,B

-0.492

(0.015)

Hv,0 , Non-Related, Business

-8.576

(2.439)

⌘S,B

-0.284

(0.026)

Hv,0 , Non-Related, Science

-19.239

(1.719)

Hv,0 , Related, Other

-10.337

(1.064)

Constant, Science

2.676

(0.044)

Hv,0 , Related, Business

-5.442

(1.236)

Am,0 , Science

1.115

(0.026)

Hv,0 , Related, Science

-9.251

(0.946)

Av,0 , Science

0.038

(0.104)

Constant, Other

9.964

(0.028)

⌘O,S

0.193

(0.013)

Constant, Business

10.149

(0.027)

⌘B,S

0.247

(0.012)

Constant, Science

9.966

(0.050)

Related, Other

0.090

(0.016)

Related, Business

0.058

(0.013)

Constant, Other

3.058

(0.024)

Related, Science

0.241

(0.019)

Am,0 , Other

0.389

(0.028)

Graduate, Other

0.083

(0.030)

Av,0 , Other

1.884

(0.058)

Graduate, Business

0.162

(0.024)

⌘B,O

0.121

(0.011)

Graduate, Science

0.048

(0.028)

⌘S,O

0.190

(0.015)

1997 Dummy

0.346

(0.014)

um

0.985

(0.015)

2003 Dummy

0.459

(0.011)

uv

0.769

(0.009)

uB

0.423

(0.009)

uS

0.344

(0.020)

uO

0.263

(0.014)
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