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Abstract
Higher education subsidies are primarily distributed through need-based programs, with-
out differentiating by college major. However, labor market outcomes vary significantly
across majors. Science and Engineering graduates tend to earn the highest wage pre-
miums and face the lowest unemployment rates, while there is a strong prior pattern
of ability selection into these majors. I study the aggregate effects of higher education
subsidies, taking into account key differences across college graduates by major. These dif-
ferences include ability selection, patterns of skill formation, and frictions in post-college
labor markets. I develop an equilibrium labor market search model with two-sided
multidimensional heterogeneity and endogenous college and major decisions. In my
model, individuals are initially sorted into college majors based on their multidimensional
abilities (math, verbal, and social) and preferences. These decisions lead to differential
human capital accumulation across all ability dimensions. I use data from the NLSY79
and O*NET to calibrate the model, which I then use to evaluate the effects of subsidies
targeted at specific college majors. My findings indicate that Science and Engineering and
Business and Economics majors demonstrate limited responsiveness to subsidies com-
pared to Humanities and Social Sciences majors. This is because Humanities and Social
Sciences majors tend to attract individuals who might otherwise opt out of college. The
expenditure-neutral, welfare-maximizing subsidy scheme, which allows for differential
subsidies based on college major while maintaining fixed total subsidy costs, leads to a
0.5% increase in overall welfare. This policy also results in a 35% increase in the number
of Science and Engineering graduates.
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1 Introduction

The U.S. higher education system operates on a high-tuition, high-aid model. Pursuing a
college degree in the United States entails a significant financial burden, with the average
published cost of a four-year college exceeding $150,000, which is about 2.5 times the
annual mean earnings (see Figure 1a). Financial subsidies are also substantial. From
2006 to 2023, the average annual financial aid per student amounted to around 45% of
the average published cost (see Figure 1b). Most of this financial aid is provided to
students through need-based programs, with some also allocated through merit-based
programs..1 Notably, there is currently no widespread, nationally implemented policy
offering subsidies based on college major choice in the United States. On the other hand,
graduates with different college majors exhibit varying performances in the labor market,
including differences in earnings, unemployment rates, and skill mismatches in their jobs,
with outcomes generally favoring science and engineering majors. While some of these
differences can be explained by ability sorting into majors ("better" students prefer "better"
majors), most of the disparities persist even after accounting for this sorting (Altonji et al.
(2012), Webber (2014)).

These differences have garnered policy attention towards prioritizing subsidies for cer-
tain majors, specifically for science and engineering. For instance, in Florida, policymakers
have sought to steer students toward certain fields by adjusting tuition fees—lowering
them for STEM majors and raising them for liberal arts. Similar incentives are offered in at
least 15 other states, as reported by the National Conference of State Legislatures (Cohen
(2016)).

However, the aggregate effects of such policies are not straightforward. On one hand,
encouraging students to pursue majors where human capital is more highly valued by
the labor market could improve overall labor market outcomes. On the other hand, the
extent to which individuals will respond to these incentives is uncertain, as college major
choices are influenced by personal abilities and interests. Even if these policies successfully
alter individual decisions, they could shift the ability composition within the prioritized
majors. In other words, lower-skilled individuals may be drawn to these majors due to the
increased subsidies, potentially resulting in a less skilled pool of graduates. Furthermore,
changing the distribution of college graduates may have general equilibrium effects,
potentially leading to imbalances in the supply and demand for certain skills across the
labor market.

1For a brief overview of financial aid programs in the U.S., see Appendix A. For a more detailed analysis,
see Dynarski et al. (2023).
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Figure 1: College Cost and Subsidies

(a) College Cost (b) College Subsidies

Sources: Trends in College Pricing and Student Aid - College Board (2022) and National Occupational Employment
and Wage Estimates - Bureau of Labor Statistics (2023). Notes: The average total cost for a year of college at a
four-year school includes tuition, fees, on-campus room and board, books, supplies, and other expenses.
Subsidies include financial aid, federal loans, grants, education tax credits and deductions, and Federal
Work-Study (FWS). All prices are in 2022 dollars.

To this end, this paper studies the aggregate effects of higher education subsidies, with
a special focus on college major-targeted subsidies by considering college major hetero-
geneity. Although there is a vast literature on the effects of higher education subsidies, it
typically neglects the college major perspective by treating postsecondary education as
homogeneous.2 Departing from this approach, I build an equilibrium labor market search
model with two-sided multidimensional heterogeneity and endogenous college major
decisions by workers. The purpose of the model is to account for observed differences be-
tween graduates of different college majors and to evaluate the aggregate effects of higher
education subsidies. Moreover, the model provides a natural environment to evaluate the
impact of subsidies targeted specifically at college majors.

In the model, individuals are sorted across college majors according to their multidi-
mensional abilities and preferences, or they may choose not to attend college at all. The
decision to pursue a particular major shapes their human capital formation; for example,
opting for an engineering major may result in greater accumulation of math skills com-

2For example, Heckman et al. (1998), Abbott et al. (2019), and Shephard and Sidibe (2019) study the
general equilibrium effects of college subsidies.
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pared to verbal skills, whereas choosing a liberal arts major could lead to the opposite
outcome. After developing their human capital, workers and firms participate in a search
within a frictional labor market where jobs have multidimensional requirements. Firms,
each with heterogeneous job requirements, decide on job creation. In this environment,
matchings are subject to both extensive margin (unemployment) and intensive margin
(skill mismatch of workers and jobs) inefficiencies.

Modeling the endogenous choice of college majors based on individual abilities and
preferences allows for evaluating the effectiveness of subsidies targeted at specific majors.
In particular, the model framework suggests that human capital accumulation depends
not only on the chosen major but also on individuals’ pre-college abilities, which are
exogenous to the model. Thus, when individuals alter their major preferences due to
differential subsidies, they carry their initial abilities with them. Moreover, firms play
a crucial role in shaping skill demand, as they decide which types of jobs to create in
response to shifts in the composition of college graduates, or, more broadly, the changing
skill composition of the labor force.

I calibrate the model using data from the National Longitudinal Survey of Youth 1979
(NLSY79) and the Occupational Information Network (O*NET). The joint distribution
of pre-college abilities—specifically in the math, verbal, and social skill dimensions—is
extracted from NLSY79. Additionally, I combine ONET and NLSY79 data to reconstruct
the joint distribution of job requirements across these same three dimensions. For college
majors, I focus on three distinct fields: science and engineering (S&E), business and economics
(B&E), and humanities and social sciences (HSS). The model is then calibrated to replicate
observed differences in pre-college abilities, college premiums, unemployment rates, and
skill mismatch across these majors. In summary, the benchmark model captures ability
selection into college majors as well as differences in the labor market outcomes across
college majors.

Findings The model distinguishes college majors based on skill accumulation patterns.
Calibrated values of the model parameters reveal that Science and Engineering (S&E)
is math-intensive, where graduates accumulate substantial math human capital, and
enrolling in this major requires strong pre-college math abilities. Humanities and Social
Sciences (HSS), in contrast, are verbal-intensive. Business and Economics (B&E) lies
between these two, involving moderate levels of both math and verbal skills.

The model also reveals key differences among ability types. The accumulation of
social skills during college is slower and relatively uniform across all majors, suggesting
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that social skills are not developed to the same extent as math or verbal skills. Although
social skills play a smaller role in college major selection compared to math and verbal
abilities, they are critical in the labor market, particularly in worker-job matching, and
offer higher returns than math or verbal skills. Among the latter two, the returns to
math are significantly greater, which helps explain why S&E graduates, whose major is
math-intensive, tend to experience better labor market outcomes.

Given these characteristics, I conduct several counterfactual analyses on college sub-
sidies. First, I examine the effects of uniform changes in subsidy rates across all college
majors. While uniform increases in subsidies significantly boost college participation, the
composition of college graduates by major remains relatively stable. Specifically, when
the benchmark college subsidy rate of 43% is raised to a full-subsidy, free-college pol-
icy, the overall college graduation rate increases by 8.4 percentage points. However, the
distribution of graduates across different majors remains nearly unchanged.

Second, I allow for differential subsidy rates across majors to better understand their
effects. Varying subsidies by major proves to be an effective tool for altering the com-
position of college graduates, and the responsiveness of each major differs significantly.
For example, making the HSS major free while keeping subsidies for other majors at the
benchmark rate leads 7.6% of individuals, who would have otherwise pursued different
educational paths (including non-college options), to choose HSS majors. Targeting SE
results in a 6.2% shift toward SE majors, while targeting BE leads to a 5.2% shift toward BE
majors. These results suggest that the composition of college graduates is highly sensitive
to major-specific subsidies, with HSS showing the greatest responsiveness.

Not only do sensitivities to subsidies vary, but the profile of individuals attracted to
each major through targeted subsidies also differs. For instance, 70 percent of individuals
drawn to HSS by a 50% increase in HSS subsidies—while keeping other subsidy rates
at the benchmark—are those who would have chosen non-college pathways under the
benchmark economy. In comparison, this figure is around 55% for S&E and B&E majors.
The higher responsiveness of non-college individuals to HSS subsidies is attributable to the
distinct characteristics of the majors. Since S&E and B&E are more math-intensive, lacking
math skills incurs a higher cost for individuals pursuing these majors. This discourages
many non-college individuals from choosing S&E or B&E, even when these majors offer a
cost advantage.

As a result, targeting S&E and HSS yields higher and comparable aggregate output
gains compared to targeting B&E. This is because HSS subsidies attract a larger share
of individuals from the non-college pool. On the other hand, S&E majors offer greater
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accumulation of valuable skills, leading to significant gains in productivity. In contrast,
B&E subsidies attract fewer individuals from the non-college pool compared to HSS and
result in more limited increases in the most productive skills compared to S&E.

Finally, I calculate welfare-maximizing subsidies while keeping the total subsidy ex-
penditure the same as the benchmark and allowing for differential subsidies across college
majors. Under this scheme, the subsidy rate for S&E increases significantly to 78%, while
the subsidy for HSS is reduced to 21%, and no subsidy is allocated to B&E. This adjustment
yields a 0.5% welfare gain without any additional expenditure, as the total subsidy cost
remains constant. Additionally, this welfare-maximizing scheme leads to a 4.3 percentage
point increase in the share of S&E graduates in the economy and a modest 0.8 percentage
point decrease in the overall college enrollment rate due to the reduced subsidies for other
majors. Welfare gains from differential college subsidies can increase to 1% if an additional
20% in subsidy expenditure is allocated.

Related literature This study contributes at least to three strands of literature. First,
it adds to the extensive body of work on college major decisions and their impact on
labor market outcomes (for a comprehensive survey, see Patnaik et al. (2020)). Numerous
micro-level studies have explored the determinants of these decisions, including work
by Arcidiacono (2004), Arcidiacono et al. (2012), Altonji et al. (2015), and Wiswall and
Zafar (2015). The literature highlights two key findings: first, individuals’ abilities play
a critical role in their choice of college major, and second, college majors significantly
influence individual earnings even after accounting for ability sorting. This paper builds
on these themes by incorporating ability sorting across college majors and differential
human capital accumulation within majors. Additionally, it extends the analysis into
a general equilibrium framework with frictions, providing insights beyond micro-level
investigations.This framework allows me to analyze potential large-scale policies, such as
subsidies targeted at specific college majors.

Second, there is a vast literature focusing on the general equilibrium effects of higher
education subsidies (see, for example, Heckman et al. (1998), Lee (2005), Abbott et al.
(2019), and Shephard and Sidibe (2019)). Among these, the recent work by Shephard and
Sidibe (2019) is closely related to this paper. Their research explores the impact of policies
aimed at increasing educational supply on the matching between workers and firms, as
well as the wages of different skill groups within an equilibrium model where workers
endogenously invest in education. This paper, however, diverges by focusing on college
major decisions rather than overall college attendance choices, and by evaluating the effects
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of major-specific subsidies as opposed to uniform college cost subsidies. Additionally, a
distinctive feature of my model is the inclusion of differential human capital accumulation
across college majors, made possible through the multidimensionality of human capital.

Additionally, this paper aligns with research on the mismatch between workers and
firms, a topic extensively explored in numerous studies examining its causes and outcomes
(e.g., Sanders (2012), Perry et al. (2014), and Fredriksson et al. (2018)). Particularly relevant
are the works of Guvenen et al. (2020) and Lise and Postel-Vinay (2020), which investi-
gate the effects of multidimensional skill mismatch on wages and welfare. This paper
contributes to the literature by linking skill mismatch phenomena to individuals’ college
major decisions, where the composition of their skills is shaped during their university
education.

Outline The remainder of the paper is organized as follows: Section 2 introduces the
theoretical model used for the quantitative analysis. Section 3 describes the data sources
and presents insights from the data. Section 4 discusses the calibration strategy. Section
5 analyzes the aggregate effects of higher education subsidies. Section 6 examines the
welfare-maximizing subsidies. Section 7 explores the role of various model properties in
determining the results. Finally, Section 8 concludes the paper.

2 Model

I develop an equilibrium labor market search model with two-sided multidimensional
heterogeneity and an endogenous college major decision. The model has two important
features. First, individuals are sorted across college majors, or they can opt not to pursue
college, based on their multidimensional innate abilities. Endogenous choice of a college
major determines their human capital bundle before entering the labor market. For
example, individuals with stronger math abilities are more likely to choose math-oriented
majors such as engineering and tend to accumulate more math skills during college
compared to verbal skills. Second, individuals are sorted across jobs in the labor market
based on their post-college human capital bundles. There is a tendency for individuals to
match with jobs that align closely with their skill set. However, this sorting process is not
perfect, meaning individuals may choose to work in jobs that do not exactly match their
skill profile in order to secure employment more rapidly.
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2.1 Environment

Time is discrete, and the discount rate for the future is denoted as β. The economy consists
of a unit measure of individuals who have linear preferences over income and face a
probability ρ of retirement. Retired individuals are replaced by mass of ρ newborns each
period. Individuals are ex-ante heterogeneous in their multi-dimensional innate abilities,
represented by the vector a = {an}Nn=1, where there are N types of abilities.3 Individuals
draw their innate ability vector from an exogenous distribution: a ∼ ga(a). Note that bold
letters will be used for N -dimensional vectors throughout the text. Similarly, firms have
multidimensional job requirements, denoted by r = {rn}Nn=1.

Immediately after they are born, individuals decide endogenously whether to attend
college and, if so, which major to pursue. This decision results in a multidimensional
human capital h ∼ gw(h), where gw(h) represents the endogenous human capital distribu-
tion.4 To ensure conceptual consistency, I use the terms ability, innate ability, and pre-college
ability interchangeably to refer to individuals’ abilities at birth, a. Similarly, I refer to
individuals’ human capital after college, h, as human capital, skills, or post-college human
capital.

After making their educational decisions, individuals initially enter the labor market as
unemployed and transition to employment upon receiving and accepting job offers. In this
model, only unemployed individuals engage in random job search; employed workers do
not actively search. Matches experience exogenous separation shocks at a rate δ.

Distributions The distribution of (pre-college) abilities, ga(a), is exogenous to the model,
while the distribution of (post-college) human capital, gw(h), emerges as an equilibrium
outcome of individuals’ education decisions. The free entry condition pins down the
distribution of vacant firms, denoted as gv(r). In other words, firms post vacancies as
long as their expected benefit is at least as big as the cost of vacancy posting c(gv(r)),
where c(.) is the convex function of mass of vacancies of type-r firms. The distribution of
active matches between individuals with human capital h and jobs with requirements r is
denoted as gm(h, r). Table 1 illustrates the relationships between active match distribution
and the equilibrium distributions of unemployed workers with human capital h, denoted
as gu(h). The overall counts of vacancies (V) and unemployed workers (U) are computed
by integrating over the distributions of vacant firms or unemployed workers, respec-

3To clarify, when calibrating the model, I set N = 3 with three types of abilities: math, verbal, and social.
4Human capital is denoted as h for notational convenience. Essentially, human capital is a function of

individuals’ abilities and their chosen college majors, as further explained in the next subsection.
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tively. Integrating gm(h, r) over either dimension provides the distributions of employed
individuals, ge(h), and producing jobs, gp(r).

Table 1: Densities

Description Density/Distribution Function Aggregate Value
Active matches gm(h, r) M =

∫∫
gm(h, r) dh dr

Employed workers ge(h) =
∫
gm(h, r) dr E =

∫
ge(h) dh

Unemployed workers gu(h) = gw(h)− ge(h) U =
∫
gu(h) dh

Producing firms gp(r) =
∫
gm(h, r) dh P =

∫
gp(r) dr

Vacant firms gv(r) - free entry V =
∫
gv(r) dr

2.2 College Major Choice

At the beginning of their lives, individuals decide whether to attend college and, if they
choose to do so, they must also decide on their college major. There are I different
college majors.5 Therefore, individuals have a total of I + 1 education choices indexed by
i ∈ {0, 1, 2, . . . , I}, where i = 0 represents the choice of not going to college. Each college
major i is characterized by its unique skill content: ci =

{
cin
}N
n=1

. As elaborated below, the
skill content determines both the human capital accumulation of individuals who choose
major i and the effort required to obtain a degree in this major.

Human capital accumulation Individuals accumulate multidimensional human capital
as a result of the interaction between their abilities and their choice of college major.
Specifically, the human capital of an agent with the ability vector a after completing
education at i is given by:

h(a, i) =
{
an + aγnn c

i(1−γn)
n

}N
n=1

(1)

The choice of a college major determines the composition of individuals’ human capital,
i.e., each college major has a specific set of skill content ci. This implies that some college
majors might be more intense in certain skill types than others. Specifically, post-college
human capital in skill type n is the type n ability of an individual plus the interaction
of the type n ability and related skill content of the chosen major i.6 The second term in

5To clarify, when calibrating the model, I use three different college majors: science and engineering,
business and economics, and humanities and social sciences.

6The human capital accumulation is indeed in the spirit of Ben-Porath (1967). However, instead of
the interaction of ability and endogenous skill investment decision in a continuous space, as is the case
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equation 1 implies that there is complementarity between the ability and skill content of
the major across each dimension. The degree of complementarity may vary across skill
types depending on the parameter γn. For example, it may be the case that the innate
social abilities are relatively more important in social skill accumulation in college, while
college education play a larger role in accumulation of verbal skills.7

I assume the skill content of not going to college is zero, denoted as c0 = 0. This
normalization assumption implies that if an individual chooses not to go to college, their
human capital stays at the level of their ability: h(a, 0) = a.

This form of human capital accumulation technology allows individuals to differ in
skill composition based on their college major choice rather than associating each college
major with a specific skill type. For example, a history major graduate may also possess
a level of math skills, potentially not as much as an engineering graduate. Furthermore,
even among individuals choosing the same major, post-college skills may differ based
on their pre-college abilities. For instance, there could be engineering graduates who are
better at social skills compared to their peers within the same major.

Cost of college: The cost of college education comprises three components: pecuniary,
non-pecuniary (study effort), and time cost. Pecuniary cost refers to the monetary expenses
associated with college, net of subsidies, and is denoted by:

pi(1− τ i) ∀i ∈ {1, 2, . . . , I} (2)

where pi and τ i represent monetary expenses and subsidies for major i, respectively.8

The non-pecuniary (or study effort) cost is associated with the effort required by
individuals to complete a college degree. This effort depends on the difference between
individual abilities and the skill content of the chosen major:

d(a, i) =
N∑
n=1

kn[max{cin − an, 0}]2 (3)

As individual abilities fall short of the skill contents of the chosen major, individuals
are required to exert increasingly more effort.9 For example, individuals with lower math

in Ben-Porath, here the interaction occurs between ability and a vector c characterizing college majors.
Individuals choose the appropriate c vector, potentially from a discrete set of vectors.

7i.e γsocial > γverbal
8Note that p0 = 0. At the benchmark, I will assume that tuition fees and subsidies are the same across

majors, ensuring that the monetary cost of each major is identical.
9Similar ideas have been used in empirical literature exploring the determinants of college major choice.
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abilities need to exert more effort when studying majors with high math skill content. The
parameters kn capture the idea that the effort needed to be exerted in certain skill types, in
case of a skill shortage, may be larger than in others.

The final cost associated with college education is the opportunity cost. While those
who decide not to attend college can directly enter the labor market, others must spend a
certain amount of time in college, forgoing potential income from the labor market during
this period. For future reference, the total pecuniary and study effort cost of college major
i for an individual with ability a is given by:

C(a, i) = pi(1− τ i) + d(a, i) (4)

It is worth noting that while the pecuniary cost is the same for everyone within a given
major, the non-pecuniary cost is private and varies based on each individual’s pre-college
ability set.

Education choice: Individuals have preferences over education options, denoted by
ϵ = {ϵ1, ϵ2, . . . , ϵI}, which are drawn from a Gumbel distribution with a zero location
parameter and a scale parameter σ. This stochastic component may captures any additional
benefits and costs associated with an education option that are not described above, such
as parental income, gender, and interest in the subject.10

I assume that workers enter the labor market as unemployed and denote the value of
being unemployed for a given level of human capital, Vu(·). The optimal education choice
of an individual with innate ability a and preference ϵ is given by

V (a, ϵ) = maxi∈I{−C(a, i) + ϵi + βiVu(h(a, i))} (5)

Notice that the discount factor, βi, in this equation also depends on the education choice
i and differs from the per-period discount factor β. The education option-specific discount
factor βi represents the opportunity cost of education. While individuals not going to
college can directly enter the labor market and search for a job (β0 = 1), those who choose

For example, Arcidiacono (2004) assumes that effort is a function of the individual’s ability relative to their
peers within the same major. Ahn et al. (2019) document that the grading policy is more strict in STEM
majors.

10The recent empirical literature has studied several dimensions of this preference or ’taste’. For example,
Xia (2016) finds that the probability of a student choosing a major that corresponds to the occupation of a
family member is strongly correlated with the family member’s wage at the time the major choice is made.
For an exhaustive survey of the literature, see Patnaik et al. (2020).
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to attend college must discount their value as they spend time in education.11

This formulation implies that the choice of college major (or college itself) depends on
three components. First, the total cost associated with each education option, including
pecuniary cost, effort cost, and the opportunity cost of time. Second, the preference (or
taste) shock, a stochastic component representing other factors affecting education choice.
Third, the value of being in the labor market with the skill bundle resulting from each
education choice.

2.3 Preference and Technology

Individuals have linear preferences over income. For notational convenience, I use h to
represent the after-college human capital of individuals, even though human capital is
indeed a function of individuals’ initial abilities and college major choices.12

The flow utility of an unemployed individual is bω, implying that unemployed individ-
uals receive a certain fraction of the average wage ω. This value includes unemployment
benefits, home production activities, and the value of leisure. The flow utility of an em-
ployed type-h worker in a type-r job is the match-specific wage, ω(h, r), net of the disutility
from work, g(h, r).13 Following Lise and Postel-Vinay (2020), the disutility of work arises
only if the worker is overqualified for their job in a particular skill dimension:

g(h, r) =
N∑
n=1

ϕn[max{hn − rn, 0}]2 (6)

While overqualification results in disutility for individuals, being underqualified in a
match leads to a loss of output. The production function is specified as follows:

y(h, r) =
3∑

n=1

[
πn(rn + hn)− ηn[min{hn − rn, 0}]2

]
(7)

The production function is assumed to be increasing across all dimensions of job
requirements and human capital. This implies that jobs with higher requirements are
more productive, regardless of the worker’s human capital, and similarly, individuals with
higher skills are more productive, regardless of job requirements. Thus, the first term of

11Specifically, college is assumed to take four years, while the model period is a quarter, so βi = β16 for
all i ̸= 0.

12After education decisions are made, individuals enter the labor market, and at this stage, the only
relevant factor is their human capital bundles. Therefore, it is more convenient to use h instead of h(a, i∗).

13An individual of type h refers to an individual with after-college human capital h, irrespective of their
college major choice.
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the statement stands for the full potential of the match. On the other hand, the second
term stands for the deviation from this full potential, specifically the output loss caused by
the underqualification of the worker in the job. The parameter ηn allows the varying skill
mismatch cost across different skills.

2.4 Search and Matching

In this frictional environment, only unmatched agents(unemployed individuals and vacant
firms) participate in a random search. The matching technology is described in the Cobb-
Douglas form with constant returns to scale, where ψ is the elasticity of matches with
respect to unemployment:

M(U, V ) = AUψV 1−ψ (8)

The rate at which vacant firms meet unemployed workers is given by qv(θ) = Aθψ,
where θ = V

U
is the market tightness. Similarly, the probability that unemployed workers

meet vacant firms is qu(θ) = Aθ1−ψ.
In this setup, meeting does not necessarily imply matching. A successful match occurs

when both the worker and the firm are mutually willing to consummate; otherwise, they
may opt to continue their search for better matches. In equilibrium, agents will accept
any job for which the joint surplus S(h, r) is positive. Then the set of acceptable jobs for a
type-h worker can be defined as follows:

Aw(h) = {r′ : S(h, r′) ≥ 0} (9)

Similarly, the set of acceptable workers for a type-r firm:

Af (r) = {h′ : S(h′, r) ≥ 0} (10)

As these sets get larger, the probability for agents to meet an acceptable partner (conditional
on meeting a partner) increases.

2.5 Surplus Sharing

Let Vu(h) represent the unemployment value for a type-h worker, Ve(h, r) is the value of
a type-h worker employed at a firm of type-r, Vv(r) is the value of a vacancy for a firm
of type-r, and Vp(h, r) stands for the value of a firm of type-r employing a type-h worker.
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The surplus resulting from a match between a worker of type-h and a firm of type-r is the
sum of the differences between the values of being matched and unmatched for workers
and firms:

S(h, r) ≡ Vp(h, r)− Vv(r) + Ve(h, r)− Vu(h). (11)

Following Shimer and Smith (2000), I assume that wages are determined by Nash
bargaining based on the match surplus between workers and firms where the worker’s
bargaining power is α. This implies:

αS(h, r) = Ve(h, r)− Vu(h) (12)

(1− α)S(h, r) = Vp(h, r)− Vv(h) (13)

This sharing rules determine the match specific wages, ω(h, r):

ω(h, r) = α

(
y(h, r) + c(gv(r))

[ ∫
Aw(h)

gv(r)S(h, r)dr∫
Af (r)

gu(h)S(h, r)dh

])
+ (1− α)[g(h, r) + bω] (14)

The match-specific wage is calculated as the weighted average of the value of the match
and the worker’s option value, with the weights determined by the worker’s bargaining
power, α. The term with integrals accounts for the competition among type-r firms to hire
type-h workers. As more workers find type-r firms acceptable, the wage offered by these
firms decreases. This suggests that by choosing a particular education option or type of
human capital, individuals create an externality for others pursuing similar human capital.
See Appendix B for the detailed derivation of wage function.

2.6 Recursive Formulation

The value function of an unemployed individual with human capital h is recursively
defined as:
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Vu(h) = bω+β(1-ρ)

(1-qu(θ))Vu(h)︸ ︷︷ ︸
no meeting

+ qu(θ)

∫
Aw(h)

gv(r)

V
Ve(h, r)dr

︸ ︷︷ ︸
successful match

+ qu(θ)Vu(h)

∫
Ac

w(h)

gv(r)

V
dr

︸ ︷︷ ︸
meet unacceptable firm


(15)

There is a probability of (1− qu(θ)) that a worker will not meet any firm in the current
period, leading to continued unemployment in the subsequent period. Conversely, with
a probability of qu(θ), a meeting occurs. If the firm’s type aligns with the worker’s set
of acceptable jobs, a successful match is established. The term gv(r)/V represents the
probability of encountering a type-r firm, serving as a weighting factor on the value of
employment, Ve(h, r). However, the firm may also be an unsuitable match, falling into Acw,
the complement of the set of acceptable jobs. This complementary set includes all firms
with which the worker is unwilling to form a match. Only successful matches result in
employment.

The value of an employed worker with human capital h at a job with requirements r is
given by:

Ve(h, r) = ω(h, r)− g(h, r) + β(1-ρ)[ δVu(h)︸ ︷︷ ︸
separation

+ (1− δ)Ve(h, r)︸ ︷︷ ︸
continued employment

] (16)

where ω(h, r) is the match-specific wage and g(h, r) is the disutility in the case of
overqualification. The continuation value is contingent on the exogenous separation shock,
δ.

Firms’ values are also similar. The value of a vacant job is as follows

Vv(r) = −c(gv(r))+β

(1-qv(θ))Vv(r)︸ ︷︷ ︸
no meeting

+ qv(θ)

∫
Af (r)

gu(h)

U
Vp(h, r)dh

︸ ︷︷ ︸
successful match

+ qv(θ)Vv(r)

∫
Ac

f (r)

gu(h)

U
dh

︸ ︷︷ ︸
meet unacceptable worker


(17)

As is the case with the value of unemployed individuals, there are three contingencies:
no meeting, a meeting with a worker in the acceptable set of the firm, and a meeting with
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a worker outside of the acceptable set. gu(h)/U represents the probability of encountering
a specific worker type in the labor market.

Finally, the value of a producing job of type-r matched with a worker of human capital
h is given by:

Vp(h, r) = y(h, r)− ω(h, r) + β[(δ(1− ρ) + ρ)Vv(r)︸ ︷︷ ︸
separation

+(1− ρ)(1− δ)Vp(h, r)︸ ︷︷ ︸
continued employment

] (18)

The current period payoff is the match-specific output net of the bargained match-
specific wage. In the subsequent period, there is a probability (1− ρ)(1− δ) that the match
endures, generating the same value in the next period but discounted by β. Alternatively,
the match terminates with complementary probability, giving rise to the option value of a
vacancy.

2.7 Equilibrium

Before defining equilibrium, three key equations need to be introduced.

Surplus function The value functions can be expressed as follows:14

Vu(h) = bω + β(1− ρ)

[
Vu(h) + αqu(θ)

∫
Aw(h)

gv(r)

V
S(h, r)dr

]
(19)

Ve(h, r) = ω(h, r)− g(h, r) + β(1− ρ)[Vu(h) + α(1− δ)S(h, r)] (20)

Vv(r) = −c(gv(r)) + β

[
Vv(r) + (1− α)qv(θ)

∫
Af (r)

gu(h)

U
S(h, r)dh

]
(21)

Vp(h, r) = y(h, r)− ω(h, r) + β[Vv(r) + (1− α)(1− δ)(1− ρ)S(h, r)] (22)

The surplus function S(h, r) is sufficient to characterize all labor market values—Vu(·),
Ve(·), Vv(·), and Vp(·)—each of which can be expressed in terms of the surplus S(·). Then
the surplus function can be obtained by plugging equations 19-22 into equation 11 under
the free entry condition, Vv(r) = 0:

14Detailed derivations are provided in Appendix B.
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S(h, r) = y(h, r) + β(1-δ)(1-ρ)S(h, r)−
(
b+ g(h, r) + β

[
α(1-ρ)qu(θ)

∫
Aw(h)

gv(r)

V
S(h, r)dr

])
(23)

The match surplus is composed of match-specific output and the discounted match
surplus, net of the value of the worker’s outside option.

Stationary match distribution In the stationary equilibrium, the number of matches
destroyed equals the number of matches created for all combinations of worker and firm
types in the matching set:

(δ + ρ− ρδ)gm(h, r) = gu(h)qu(θ)
gv(r)

V
1{S(h, r) ≥ 0} (24)

The left-hand side represents the inflow to the unemployment pool, where (δ + ρ− ρδ)

fraction of matches dissolve every period. The right-hand side is the outflow where the
term gu(h)qu(θ)

gv(r)
V

represents the probability of a type-h unemployed individual and a
type-r vacant job meeting, with 1S(h, r) ≥ 0 indicating the acceptance decision, as both
parties accept only when the joint surplus is positive.

Free-entry condition Each type of firm post vacancies as long as the value of vacancy
creation is positive, i.e. Vv(r) ≥ 0. After simple algebra, this free entry condition can be
formulalize as follows:

c(gv(r)) = β(1− α)qv(θ)

∫
Af (r)

gu(h)

U
S(r,h)dh (25)

The vacancy posting cost takes the form of c(gv(r)) = crgv(r)
2, where cr is specific to

firm type.15

Definition 1 A stationary equilibrium for this economy consists of objects denoted as V (.), S(.),
Aw(.), Af (.), gm(.), and gv(.), satisfying the following conditions:

1. Individuals make optimal education decisions (V (.) solves equation (5)).

2. The last firm entrant achieves zero expected profits (gv(.) solves equation (25)).

3. Individuals and firms make optimal acceptance or rejection decisions (S(.), Aw(.), Af (.)
solves equation (23), (9), and (10)).

15I target the density of types of producing job to back up cr parameters.
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4. The joint distribution of matches is stationary (gm(.) solves equation (24)).

2.8 The Source of Inefficiency

Why should we subsidize college education? Subsidies for college education have been
justified on efficiency grounds by several researchers, addressing various types of market
failures, including liquidity constraints, positive externalities of education, and individual
inertia.16

Acemoglu and Shimer (1999) highlights a specific externality related to education
decisions in markets with search frictions, known as the hold-up problem. This issue
arises when one party makes an investment and bears the cost while both parties share
the payoff. In such cases, the decentralized equilibrium is always inefficient, even if the
standard Hosios (1990) condition is satisfied.17 Put simply, individuals tend to underinvest
in education when the cost is private because a portion of the return on education is shared
with firms, and this portion is not internalized in the wage bargaining process.

I extend this result to college major choice in Appendix C. In a stylized version of the
model outlined above, I show that individuals’ college major choices are inefficient unless
workers have all the bargaining power (see Proposition 1 in Appendix C). Intuitively, indi-
viduals differ in the private costs associated with pursuing different majors; for example,
those with lower pre-college math skills may need to exert more effort to complete a STEM
degree. However, these additional efforts are not reflected in the bargaining process, which
only accounts for their post-college human capital. This mechanism serves as a source of
inefficiency in college major decision.

I also show that the inefficiency in the decentralized economy can be mitigated through
college major-specific subsidies. Specifically, it is possible to address the inefficiencies
caused by the hold-up problem by adjusting subsidies across majors in a way that offsets
private cost asymmetries (see Proposition 1 in Appendix C). Moreover, this correction can
be achieved while keeping the social planner’s total subsidy expenditure at the benchmark
level.18

16For a more detailed discussion, see sections 2.1 to 2.4 in Dynarski et al. (2023).
17In fact, non-degenerate equilibria are always inefficient; the only efficient equilibrium occurs when

workers have all the bargaining power. However, in this case, no vacancies will be posted if there are any
positive costs associated with posting them.

18Proposition 1 (the inefficiency of college major choice) can be extended to the quantitative model
presented above, though Proposition 2 cannot. Nevertheless, the quantitative results below suggest that
major-specific subsidies can improve the inefficiencies of the decentralized economy and increase overall
welfare, even if they do not fully achieve a first-best outcome.
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Additionally, Charlot and Decreuse (2005) show that self-selection in education is
inefficient in a search environment with frictions, as individuals fail to internalize the effect
their education decisions have on the wages and employment prospects of others. In other
words, an increase in the number of individuals within a specific education group worsens
the job search outcomes for both firms and other workers. This concept of inefficiency can
be extended to the college major context. The wage equation (equation 14) illustrates that
as more workers become willing to accept jobs from specific firms, the wages offered by
those firms decrease. Thus, by choosing a particular major or developing a specific set of
skills, individuals impose a negative externality on others following the same educational
path.

3 Data

To discipline the model, I rely on two primary data sources: the 1979 National Longitudinal
Survey of Youth (NLSY79) and the Occupational Information Network (O*NET). The
NLSY79 tracks a nationally representative sample of individuals who were aged 14 to 22
in 1979, offering comprehensive data on their education and work history. At the outset
of the survey, all respondents completed a written test, which I use to approximate their
abilities across various dimensions. O*NET is an occupation-level dataset that describes
the characteristics and requirements of different occupations. By merging the NLSY79 and
O*NET data, I constructed a matched worker-job dataset that includes multidimensional
measures of both worker abilities and job requirements. In this section, I describe these
data sources and the method used to construct the measures of worker abilities and job
requirements. Additionally, I provide insights into how individuals sort into college majors
and jobs based on these measures.

3.1 Data Sources

3.2 NLSY79

The NLSY79 provides detailed information on individuals’ educational history, such as
college majors if applicable, their work history, including their occupations, as well as a
set of test scores. I exclude individuals with military service experience and those weakly
attached to the labor market.19

19See Appendix D.1 for details.
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Construction of ability measures In the first years of the sample period, all respondents
took a set of standardized tests, including the Armed Services Vocational Aptitude Battery
(ASVAB), the Rotter’s Locus of Control Scale (RLCS), and the Rosenberg Self-Esteem Scale
(RSES). The ASVAB, administered by the United States Department of Defense, evaluates
individuals in various cognitive categories. The RSES and RISB are psychometric tests
designed to measure non-cognitive abilities.20 To construct skill bundles for individuals, I
follow a similar procedure to Guvenen et al. (2020).21 First, I normalize all ability scores to
lie within the range of [0, 1] through a linear transformation, ensuring comparability across
different ability dimensions. Then, I construct three ability dimensions—math, verbal, and
social—by applying principal component analysis (PCA) as follows: (i) math ability is the
first principal component of arithmetic reasoning, mathematics knowledge, numeric operations,
and general science test scores from the ASVAB; (ii) verbal ability is the first principal
component of word knowledge and paragraph comprehension scores from the ASVAB; (iii)
social ability is the first principal component of scores from the RISB and the RSES.

The constructed measures of math and verbal abilities are highly correlated, with a
correlation coefficient of 0.81, suggesting that individuals who excel in one of these areas
tend to do well in the other. In contrast, social abilities exhibit much weaker correlations
with both math and verbal abilities, with coefficients of 0.40 and 0.41, respectively. These
lower correlations indicate that social abilities are more distinct from math and verbal
abilities, likely reflecting different underlying skill sets or factors. Despite these differences,
each component—math, verbal, and social abilities—conveys unique and independent
information.

Ability versus human capital The ASVAB was administered to the NLSY sample in the
summer of 1981, while the RLCS and RSES tests were conducted in 1980. This timing
implies that individuals took these tests at different ages; some were still in high school,
while others had already completed college. This age heterogeneity at the time of testing is
critical for the theoretical framework described above. For those who took the tests before
reaching college age, the measured abilities reflect pre-college abilities (a in the model). In
contrast, for individuals who had already graduated from college, the measured abilities
represent post-college human capital (h in the model). To account for this variation, I
construct two subsamples by exploiting the age heterogeneity at the time the tests were

20See Appendix D.2 for a detailed description of these tests.
21Several other papers have used these tests to create skill bundles for individuals. Some examples:

Huang and Qiu (2021), Lise and Postel-Vinay (2020), Lindenlaub and Postel-Vinay (2023), and Sanders
(2012).
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Table 2: Samples

Pre-college takers Post-college takers
College Non-College Total College Non-College Total

Age 18.6 18.1 18.2 23.4 23.6 23.6
Sample Size

Cross-Section 806 2,390 3,196 621 1,998 2,609
Panel - - - 11,302 35,487 46,789

Notes: Source: National Longitudinal Survey of Youth (1979). This table presents the sample sizes and
average ages for two samples: pre-college takers and post-college takers, as defined in the text.

taken.
The first sample, referred to as the pre-college takers, includes individuals who, despite

eventually earning a 4-year college degree, had completed no more than 12th grade by
1982.22 To create a comparison group for this sample consisting of individuals who did not
pursue a college education, I only include individuals who were younger than 19 years
old when taking the test and who did not commence a college degree at any point in their
lives. I construct the second sample, post-college takers, applying a similar approach. I
limit the college sample to individuals who had earned a college degree (or completed at
least the 16th grade) in 1982. As for the non-college comparison, I restrict the sample to
individuals who were older than 23 years old in 1981.

This approach allows me to differentiate between pre-college abilities and post-college
human capital, as highlighted in the model section. While the ability measures of the
pre-college takers sample correspond to the pre-college abilities in the model (a), I use the
post-college takers sample to characterize post-college human capital (h) in the model.

Table 11 presents the sample sizes and average ages for two subsamples. The pre-
college takers sample, used as a cross-section, consists of 3,196 individuals, of whom 806
eventually attended college. For the post-college takers, I leverage the panel dimension,
which includes 2,609 individuals and 46,789 individual-year observations.

College majors: I categorize college majors into three broad categories: Science and
Engineering (S&E), Business and Economics (B&E), and Humanities, and Social Sciences

22Since the surveys report the highest degree completed, an individual in their first year of college in 1982
would still indicate 12th grade as their highest level of education, meaning they had not yet started college
by the summer of 1981 when the test was administered. Although the exact threshold for RLCS and RSES
would typically be 1981 rather than 1982, I choose to use the 1982 threshold for ASVAB, as the accumulation
of social skills in college tends to be slower than that of cognitive skills—a point I will emphasize in the next
section.
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(HSS). Table D.1 in Appendix D.4 shows the details of this classification.

3.3 O*NET

The Occupational Information Network (O*NET ) is a comprehensive database developed
and maintained by the United States Department of Labor. It provides detailed informa-
tion on 974 occupations, including job duties, required skills and abilities, educational
requirements, salary ranges, and projected job growth. I use O*NET data to construct job
requirements for occupations across the math, verbal, and social dimensions.

Construction of skill requirements I follow a very similar procedure to Guvenen et al.
(2020) to crosswalk between abilities (or human capital) constructed from the NLSY79
sample and job requirements across the same dimensions. To broaden the ASVAB’s overall
appeal, the US Department of Defense introduced the ASVAB Career Exploration Program,
aiming to provide career guidance to high school students. They established a connection
between ASVAB test scores and O*NET occupation requirements through a tool called
OCCU-Find. The Defense Manpower Data Center (DMDC) selected 26 O*NET descriptors
deemed particularly relevant and assigned a relatedness score to each ASVAB category
test. This crosswalk enables the translation of ASVAB test scores into corresponding skill
requirements for various occupations, facilitating the analysis of how individuals’ abilities
align with job requirements ( r in the model).

3.4 Insights from the Data

3.4.1 Ability Sorting into College Majors

I document ability selection not only at the college versus non-college level but also
across different college majors. Figure 2 illustrates the average pre-college abilities of
individuals based on their educational decisions, with the y-axis representing deviations
from the overall mean ability in standard deviation units. Consistent with findings from
several studies, individuals who pursue a college degree tend to have higher pre-college
abilities than those who do not attend college, across all three skill dimensions. The
most pronounced difference is in math ability, where the average for college attendees is
more than one standard deviation higher. Furthermore, among those who attend college,
individuals majoring in Science and Engineering (S&E) possess higher pre-college abilities
across all skill dimensions, with math skills standing out in particular. The average pre-
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Figure 2: Ability Sorting into College Majors
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Notes: Source: NLSY79. This figure displays the average pre-college abilities across three dimensions
for various education groups. The y-axis represents deviations from the overall mean ability, measured
in standard deviation units. The left panel compares the pre-college abilities of college attendees versus
non-attendees, while the right panel breaks down the abilities by each college major.

college math ability of S&E majors is approximately 0.5 standard deviations higher than
that of Humanities and Social Sciences (HSS) majors. In contrast, the differences in social
abilities across majors are minimal compared to the disparities in other abilities.

The observed patterns of ability selection into college majors suggest that evaluating the
potential effects of higher education policies targeting specific majors should account for
this dynamic. For example, using the superior labor market performance of S&E graduates
as justification for increased subsidies may not necessarily lead to a higher number of
S&E graduates or a more skilled workforce. Individuals may avoid choosing S&E majors
initially because their abilities may not be sufficient to complete the demanding coursework.
Even if increased subsidies shift preferences and result in more students opting for S&E
majors, the composition of S&E graduates might change. Students who would typically
choose other majors—perhaps those with lower pre-college abilities—might now select
S&E majors, potentially undermining the intended impact of the subsidies, which is to
enhance labor market outcomes by producing graduates with higher skills.

3.4.2 Sorting into Jobs

Figure 3 presents the average rank of job requirements for each education group across
three skill dimensions. Using job histories from the post-college sample, I link individuals’
occupations to job requirement data from O*NET as previously described. The figure
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Figure 3: Sorting into Jobs
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Notes: Source: NLSY79. This figure shows the average skill requirement rankings of individuals in their
current occupations across three skill dimensions.

shows that S&E graduates tend to be sorted into jobs requiring, on average, higher levels
of math and verbal skills. B&E majors follow, while HSS majors rank the lowest in these
dimensions. However, HSS graduates tend to be sorted into jobs with higher social skill
requirements compared to the other groups.

Why do differential sorting patterns among college majors matter? Guvenen et al. (2020)
finds that, even after controlling for worker skill heterogeneity, job requirements remain
a significant determinant of worker productivity. In other words, all else being equal,
workers in more sophisticated occupations tend to earn higher wages. This implies that
changes in the composition of college majors—resulting from targeted higher education
subsidies—could also influence how individuals sort into jobs. For example, individuals
who shift their preferences toward a Science and Engineering (S&E) major due to incentives
might not be able to secure the same high-skill jobs as those who initially chose S&E
majors. The quantitative model I use addresses this issue by allowing for (i) endogenous
job creation and (ii) endogenous sorting of worker characteristics and job requirements.

3.4.3 College Majors and Skill Mismatch

In an ideal world with perfect sorting, where there is no mismatch between workers
and jobs, individuals with higher skills would be matched to jobs requiring higher skill
levels. Therefore, I define skill mismatch as the rank difference between an individual’s
post-college human capital and the requirements of their job. This can be formalized as
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follows:

mij = |q(hij)− q(rij)| (26)

where q(hij) represents the percentile rank of the human capital of individual i in skill
dimension j, and q(rij) is the percentile rank of the requirement ranking of individual i’s
job in skill dimension j.

Based on this definition, if q(hij)− q(rij) < 0, it implies that worker i is underqualified
in skill dimension j (negative skill mismatch). Therefore, the negative skill mismatch is:

m−
ij = min(q(hij)− q(rij), 0) (27)

If q(hij)− q(rij) > 0, it implies overqualification, and the positive skill mismatch is:

m+
ij = max(q(hij)− q(rij), 0) (28)

Finally, the total mismatch for individual i, denoted mi, across all skill dimensions
j = {m, v, s}, is defined as the sum of the mismatches in each dimension:

mi =
∑

j={m,v,s}

mij (29)

Table 3 presents the average skill mismatch, along with the average positive and
negative mismatches, across three skill categories and in total. Individuals without a
college education exhibit the highest degree of skill mismatch across all dimensions, with
a total rank difference of 0.79. Graduates from Humanities and Social Sciences (HSS)
experience a similar level of mismatch. However, while the mismatch for non-college
individuals is primarily due to being underqualified (negative mismatch), the mismatch
for HSS graduates is largely driven by overqualification (positive mismatch).

In contrast, graduates in Science and Engineering (S&E) and Business and Economics
(B&E) experience significantly lower mismatches compared to HSS graduates. This pattern
is consistent with reports that 26% of HSS graduates indicate their job is not related to their
college degree, compared to 20% of BE graduates and just 12% of S&E graduates. For a
detailed explanation of this subjective measure of skill mismatch, refer to Appendix D.7.
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Table 3: Skill Mismatch by College Major

Non-College Humanities and
Social Sciences

Business and
Econ

Science and
Engineering

Math 0.26 0.25 0.20 0.19
positive 0.10 0.18 0.16 0.13
negative -0.16 -0.08 -0.04 -0.06

Verbal 0.26 0.24 0.21 0.21
positive 0.11 0.17 0.12 0.11
negative -0.14 -0.07 -0.09 -0.11

Social 0.28 0.27 0.23 0.24
positive 0.14 0.08 0.11 0.13
negative -0.14 -0.19 -0.12 -0.11

Total 0.79 0.76 0.64 0.63
positive 0.36 0.42 0.40 0.36
negative -0.44 -0.34 -0.24 -0.27

Notes: Source: NLSY79 and O*NET. Each entry in this table shows the average skill mismatch for the corre-
sponding skill dimension among the respective education groups. The skill mismatches for an individual
are described in equations (26), (27), and (28). The absolute values of negative and positive skill mismatches
should sum up to the overall skill mismatch, except for rounding errors.

4 Calibration

I calibrate the benchmark model parameters to capture key features of college major
choices and labor market sorting in the US economy. Some parameters are set to standard
values from the literature, while others are internally calibrated within the model. In
model computation I use 15 grid points for each ability dimension and 7 grid points for
each job requirement dimension. With three dimensions—math, verbal, and social—there
are 3,375 (153) possible initial ability bundles and 343 (73) possible job requirement bundles.
Each individual chooses one of four education options: Non-college, Science and Engineering
(S&E), Business and Economics (B&E), or Humanities and Social Sciences (HSS). Consequently,
there are 13,500 (3,375 × 4) distinct human capital bundles.

Ability and job requirement distributions I extract the initial ability distribution of
individuals, ga(a), and the job requirement distribution of producing firms, gp(r), directly
from combined NLSY79 and O*NET data. First, I estimate the non-parametric multidi-
mensional distribution of abilities using the abilities of individuals in the pre-college takers
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sample with the kernel density method. I then incorporate the estimated joint PDF of
initial ability distributions into the model. Similarly, I use the type-specific vacancy posting
cost parameters (crs) to back up the multidimensional job requirement distribution from
the combined NLSY79 and O*NET data.23 Figure 4 shows the data histograms and the
estimated marginal PDFs.

Figure 4: Distribution of Pre-college Abilities and Job Requirements
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Notes: Source: NLSY79 and O*NET. This figure presents the data histograms (blue bars) and the estimated
marginal PDFs (red lines) for pre-college abilities and job requirements across three dimensions: math,
verbal, and social. The joint probability distributions are estimated non-parametrically using the kernel
density method, from which the marginal PDFs are calculated. Figure F.1 provides joint distribution of
pre-college abilities

Externally calibrated parameters Table F.1 summarizes the externally calibrated param-
eter choices. The model period is set to one quarter. The quarterly discount factor is
β = 0.99, consistent with a 4% annual risk-free interest rate.24 The separation rate is δ = 0.1,
corresponding to an average employment spell of 5 quarters Shimer (2005). An average
working life of 40 years implies ρ = 0.00625. Additionally, I set ψ = 0.72 and b = 0.4,

23Specifically, type-specific vacancy costs determine the densities for vacant jobs, gv(r) (equation 25),
and the density of vacant jobs determines the distribution of active matches (equation 24). The density of
producing jobs, gp(r), is calculated as gp(r) =

∫
gm(h, r).

24Specifically, β = (1− r)0.25.
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Table 4: Jointly Calibrated Parameter Values

Parameter Definition Value Parameter Definition Value
πmath Productivity 0.34 kmath Skill Shortage Cost 27.4
πverbal Productivity 0.15 kverbal Skill Shortage Cost 22.0
πsocial Productivity 0.59 ksocial Skill Shortage Cost 9.13
γmath Complementarity 0.27 cS&Emath Skill Content 0.75
γverbal Complementarity 0.15 cS&Everbal Skill Content 0.18
γsocial Complementarity 0.25 cS&Esocial Skill Content 0.13
ηmath Underskill Cost 2.27 cB&E

math Skill Content 0.67
ηverbal Underskill Cost 2.26 cB&E

verbal Skill Content 0.25
ηsocial Underskill Cost 8.15 cB&E

social Skill Content 0.02
ϕmath Overskill Cost 0.01 cHSSmath Skill Content 0.10
ϕverbal Overskill Cost 0.00 cHSSverbal Skill Content 0.74
ϕsocial Overskill Cost 0.05 cHSSsocial Skill Content 0.09
A Matching Efficiency 0.75 ρ Preference param. 6.66

Notes: This table lists the jointly calibrated parameters and their values.

following Shimer (2005). I also assume the Hosios (1990) condition holds, implying that
workers’ bargaining power α equals the matching elasticity ψ.25

The other two externally calibrated parameters are the college subsidy rates (τ ) and the
pecuniary cost of college (p). The average financial cost of a four-year college in the U.S.
between 2007 and 2022 is approximately $150,000, while the average annual wage income
during the same period is about $61,538 (College Board (2022), Bureau of Labor Statistics
(2023)). Therefore, I set the pecuniary college cost to be 9.75 times the average wage, i.e.,
p = 9.75× ω. Additionally, the average financial aid per student amounted to 43% of the
average published cost (College Board (2022)), which I set τ as 0.43.

Internally calibrated parameters There are 26 remaining parameters to be calibrated
internally: 3 skill productivity parameters (πn’s), 3 skill-college major complementarity
parameters (γi’s), 3 parameters for the cost of underqualification (ηn’s), 3 parameters for
the cost of overqualification (ϕn’s), 3 parameters for the cost of skill shortage in college
(kn’s), 9 skill content parameters (cin’s), the matching efficiency parameter (A), and the
scale parameter of the college major preference distribution (ρ). I normalized the location
parameter of the distribution to 0. These parameters are jointly calibrated to match the
following 26 moments: shares of college majors (3), college premiums (3), unemployment

25The standard Hosios condition in this model does not guarantee efficiency due to ex-ante investment in
skills not being fully internalized in the labor market, as discussed in section 2.8.
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Table 5: Targeted Moments: Model vs. Data

Moment Data Model Moment Data Model
Share Rank Correlation
S&E 0.12 0.12 Math 0.31 0.32
B&E 0.09 0.09 Verbal 0.36 0.36
HSS 0.16 0.15 Social 0.21 0.22
College premium Math abilities
S&E 0.71 0.78 S&E 0.75 0.75
B&E 0.61 0.63 B&E 0.71 0.71
HSS 0.43 0.54 HSS 0.65 0.60
Unemp. (%) Verbal abilities
S&E 2.6 3.0 S&E 0.84 0.82
B&E 3.2 3.3 B&E 0.81 0.79
HSS 3.5 3.6 HSS 0.81 0.79
Non-College 7.2 7.2 Social abilities
Mismatch (neg) S&E 0.67 0.63
Math -0.12 -0.11 B&E 0.66 0.62
Verbal -0.09 -0.08 HSS 0.66 0.62
Social -0.02 -0.02 s.d. of NC math 0.18 0.18

Notes: This table shows the moments targeted in the model and their corresponding counterparts in the
data. s.d. of NC math stands for the standard deviation of pre-college math abilities for the non-college group.
S&E, B&E, and HSS denote Science and Engineering, Business and Economics, and Humanities and Social
Sciences, respectively.

rates among each college major (3), the negative mismatch between individual skills and
job requirements across each ability dimension (3), rank correlation between individual
abilities and job requirements across each dimension (3), average pre-college abilities
conditional on college major choices (9), the standard deviation of pre-college math abilities
for the non-college group (1), and the unemployment rate of non-college individuals (1).
Table 4 lists the values of the parameters calibrated internally, while Table 5 compares the
moments targeted in the model and their corresponding counterparts in the data.

I use data from the NLSY79 and O*NET to compute the negative mismatch, rank
correlation, and pre-college ability moments. Specifically, the pre-college abilities are
measured using the pre-college takers sample, while the mismatch and rank correlation
moments are derived from the post-college takers sample. This distinction is crucial
because, in the model, pre-college abilities reflect individuals’ skills before any human
capital accumulation through higher education. In contrast, the labor market interaction
moments are based on the human capital accumulated after educational decisions have
been made.
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For college major shares college premiums and unemployment rates, I draw on data
from the American Community Survey (ACS). The detailed methodologies for calculating
these moments are outlined in Appendix D.6.

4.1 Discussion and Model Validation

Although all moments are determined jointly and many parameters influence multiple
moments, specific relationships between parameters and moments can be identified. The
matching efficiency parameter A primarily determines the non-college unemployment
rate. The preference parameters affect the variability in pre-college math abilities among
non-college individuals. If preferences had no effect, i.e., ρ = 0, college major choices
would be driven entirely by innate abilities. In this scenario, individuals with the same
innate abilities would uniformly select the same educational path, with those having
lower abilities more likely to choose non-college education. However, a positive value
of ρ introduces variability in educational choices among individuals with identical initial
abilities. As ρ increases, individuals with higher math abilities might choose the non-
college option due to their preferences, even if pecuniary and non-pecuniary costs favor
other educational options.

The cost of skill shortage in college (kn) and the skill content parameters (cin) primarily
determine the distribution of individuals across different educational options and the
moments related to ability selection into college majors. In a hypothetical scenario where
the cost of skill shortage is zero (kn = 0), equation 3 suggests that the non-pecuniary cost
of college majors would also be zero and independent of initial abilities. In this situation,
individuals would select their college major solely based on the complementarities between
their skills and the skill content of the chosen major (as described in Equation 2).

The underskill (ηn) and overskill (ϕn) cost parameters primarily influence labor market
matching moments, such as the rank correlation between individual human capital and
job requirements, as well as the extent of negative skill mismatch. Specifically, as ηn and
ϕn approach infinity, the rank correlation converges to one, and the negative mismatch
converges to zero. This indicates that individuals only accept job offers from firms that
perfectly match their human capital, leading to a narrower set of acceptable jobs and
workers. Consequently, these parameters also influence the variations in unemployment
rates among graduates of different college majors. Finally, the productivity parameters (πn)
determine the differences in skill premiums across college majors by assigning differential
weights to each ability in match output. Since match output is a key determinant of
match-specific wages (see Equation 14), variations in πn directly impact the skill premiums
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associated with different college majors.

Figure 5: Selection into Collge Majors: Model vs. Data
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Notes: This figure compares the distribution of pre-college abilities across each skill dimension for participants
in different education groups, as generated by the model (blue bars) and as observed in the data (red lines).
SE, BE, and HSS denote Science and Engineering, Business and Economics, and Humanities and Social
Sciences, respectively.

Ability sorting into college majors The primary aim of this paper is to evaluate the
effects of college major-targeted subsidies. This quantitative exercise is motivated by the
observation that graduates from different college majors exhibit varying labor market
performances. For instance, graduates of Science and Engineering (S&E) majors typically
have higher college premiums and lower unemployment rates compared to graduates
from Humanities and Social Sciences (HSS) majors, who often face the opposite outcomes.
The model used in this paper successfully replicates these features. However, the superior
performance of S&E graduates is not solely attributable to their major; it is also influenced
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by the fact that students with higher abilities are more likely to select these majors.This
implies that, in counterfactual exercises where cross-major subsidies are adjusted to en-
courage individuals to choose specific majors, students carry their existing pre-college
abilities with them and accumulate human capital accordingly. They do not acquire the
same level of human capital as the current incumbents of those majors. Consequently,
the calibration procedure specifically targets the ability sorting of students by college
major, focusing on the average pre-college abilities based on their major choices. Figure 5
compares the distributions generated by the benchmark model with those observed in the
data. Although the model primarily targets average abilities, it also successfully replicates
the distribution of pre-college abilities conditional on college major choice.

Sorting into jobs In addition to the selection of pre-college abilities, job characteristics
play a significant role in determining individuals’ labor market performance. Specifically,
graduates from certain majors may secure more productive jobs that align well with their
skills, resulting in higher earnings. However, it is not guaranteed that individuals who
prefer these majors after college major-targeted subsidies will be able to find such well-
suited jobs. To address this issue, the model endogenizes worker-job matches and targets
moments related to worker-job match characteristics. This includes the magnitude of
negative skill mismatch and the rank correlation between job requirements and worker
characteristics. Figure 5 illustrates the distribution of skill mismatch in each skill dimension,
where skill mismatch is measured as the difference between individuals’ ranks of human
capital and their occupations’ ranks in the related dimension. Besides the targeted first-
degree moments of worker-job matching, the model also closely approximates the overall
distribution of matches across each ability dimension.

4.2 Lessons from Calibrated Parameter Values

The values of the skill content parameters (cin) highlight the distinct attributes of each
college major in terms of skill accumulation. A comparison between S&E and HSS majors
shows that S&E majors are highly math-intensive, while HSS majors focus more on verbal
ability development, with limited math skill growth. B&E majors fall between these two
extremes—accumulating more math skills than HSS majors but less than S&E majors, and
exhibiting the opposite pattern for verbal skills. Social skill accumulation, however, is
slower across all majors, as indicated by the low and relatively similar values of the social
skill content parameters. This suggests that social skills are not developed to the same
extent as math and verbal skills in college.
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Figure 6: Distribution of Skill Mismatch: Model vs. Data
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Notes: This figure compares the distribution of skill mismatch between individuals’ human capital and the
requirements of their jobs. Skill mismatch is measured as the rank difference between each skill and the job
requirements, as defined in Section 3.4.3.

Math abilities play a crucial role in determining college major choices, as a shortage
in math abilities incurs a significantly higher cost compared to other skill shortages.
Quantitatively, the utility cost of having less math ability than required by the chosen
major is approximately three times higher than the cost associated with a shortage of social
abilities. The relatively low cost linked to a shortage of social skills (ksocial) suggests that a
lack of social skills does not deter individuals from pursuing college education.

These findings suggest that social skills may not be as critical in determining college
major choices. However, they play a crucial role in the labor market, particularly in worker-
job matching. Social skills are more productive than verbal and math skills—evidenced by
the larger πsocial value—and the cost of skill mismatch in social skills is significantly higher
compared to other skills (reflected by the larger η and ϕ values). This indicates that social
skills are an important determinant of labor market performance, aligning with recent
literature emphasizing the significance of non-cognitive abilities in wages and earnings
(see Heckman et al. (2019) for a survey of this literature).

Among cognitive skill types, math skills are particularly noteworthy due to their
productivity, as the productivity parameter for math is twice that of verbal skills. The
greater accumulation of math skills in S&E and B&E majors, compared to HSS majors, is
linked to the higher college premiums associated with these majors.
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5 The Role of Subsidies

In this section, I begin by analyzing the effects of uniform changes in college subsidy rates
on the distribution of college graduates and overall enrollment rates. Next, I introduce
college major-specific subsidies by adjusting the subsidy rate for each major individually
while maintaining the others at the benchmark level. This analysis helps to understand
the responsiveness of each major’s share to subsidies and explores the potential effects of
major-specific subsidies on skill composition, earnings, and match output.

5.1 Uniform College Subsidies

Table 6 presents the share and composition of college graduates under various subsidy
regimes, ranging from no subsidy to full coverage. Intermediate scenarios consider the
effects of an additional $1,000 subsidy, corresponding to a subsidy rate of 0.456, and a $5,000
subsidy, corresponding to a rate of 0.563. Column 2 presents the results for the benchmark
economy, where the subsidy rate is set at 0.43. In all cases, subsidy rates are uniformly
applied across all college majors. Completely eliminating higher education subsidies
would decrease the share of college graduates by approximately 6.4 percentage points,
from 35.3% to 28.9%. Conversely, a fully subsidized higher education would increase
the share of graduates by 8.4 percentage points, raising it to 43.67%—an approximately
23.5% increase in college enrollment.26 The enrollment effect of a fully subsidized college
education has not been extensively studied, given the lack of large-scale implementations.
However, some studies provide comparable estimates. For example, Shapiro and Yoder
(2021) estimate that Biden’s free tuition plan would lead to a 17.7% increase in enrollment
at four-year public colleges and universities.27

The effects of additional $1,000 and $5,000 subsidies are relatively modest, leading to a
0.5 percent and 1.8 percent increase in college enrollment rates, respectively. The empirical
literature typically finds that a $1,000 reduction in tuition or equivalent subsidy results
in a 2-3 percentage point increase in enrollment, although results are mixed.28 There may
be several reasons why my model may understate the impact of subsidies compared to
empirical findings. First, many studies focus on public colleges and universities, where

26Notably, a fully subsidized higher education system increases the social planner’s subsidy costs by a
substantial 188%

27Biden’s free tuition plan proposes covering all in-state students’ tuition, whether full-time or part-time,
for those with a household income of up to $125,000 who enroll in a four-year public college or university. In
my model, "free college" encompasses not just tuition and fees but also boarding, food, books, and other
associated costs, which may explain the higher enrollment increase predicted by the model.

28Deming and Dynarski (2009) for a survey of the literature.
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Table 6: Uniform College Subsidies and Education Choices

Shares (%)
No Subsidies

τ = 0

Benchmark

τ = 0.43

$1000
Subsidy
τ = 0.456

$5000
Subsidy
τ = 0.563

Free College

τ = 1
Non-College 71.1 64.7 64.2 62.7 56.3
College 28.9 35.3 35.8 37.3 43.7
S&E 34.2 33.6 33.6 33.5 32.9
B&E 25.2 25.2 25.2 25.1 25.1
HSS 40.6 41.2 41.3 41.4 42.0

Notes: This table presents the college enrollment rates and the composition of college graduates by major
under various subsidy scenarios, ranging from no subsidy to full tuition coverage. The corresponding τ
values for the $1,000 and $5,000 subsidies are calculated by scaling each amount to the average annual
published cost of college, which is $37,500. S&E, B&E, and HSS denote Science and Engineering, Business
and Economics, and Humanities and Social Sciences, respectively. The entries in the bottom panel display
the share of each major among college graduates.

tuition is lower, and marginal increases in subsidies cover a larger portion of tuition costs.
Additionally, these studies often target specific groups of students, such as those eligible for
particular grant programs, who are more likely to be on the margin of the college decision.
Similarly, most of the grand aids as evaluated in empirical literature targets students from
lower income families which are more likely to be more responsive to subsidies.2930

While uniformly adjusting the college subsidy rate effectively influences overall college
enrollment, it has a minimal impact on the composition of college graduates. Moving
from no subsidy to free college results in only a modest shift, with the share of Humanities
and Social Sciences (HSS) graduates increasing by just 1.4 percentage points, while the
shares of Science and Engineering (S&E) and Business and Economics (B&E) graduates
experience a slight decline.

5.2 Major-specific Subsidies

Given the finding that uniform changes in higher education subsidies have little effect on
the college major composition of graduates, I next analyze the impact of college major-
targeted subsidies. In this analysis, I adjust the subsidy rate for each major individually,

29For example, a recent analysis by Avery et al. (2019) found that increased tuition support significantly
raised enrollment among students from households earning less than $60,000. Specifically, they reported
that each $1,000 reduction in tuition at four-year public colleges and universities increased enrollments by
an average of 2.0 to 3.0 percentage points.

30Another reason might be that emprical studies make the distinction between enrollment and com-
pletetion while in my model enrollment and completion means the same given abstraction of college drop
out.
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while keeping the subsidy rates for other majors fixed at their benchmark levels, to assess
how these targeted subsidies influence the educational composition of the labor force.

Major composition of college graduates Figure 7 presents the impact of targeted
subsidies, with each subplot highlighting the changes in enrollment for the subsidized
major. The shaded areas in each subfigure show where students are switching from or to
in response to the subsidy changes.

Figure 7: Targeted Subsidies and College Major Choice
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Notes: This figure illustrates the effect of targeted subsidies on the educational composition of the labor
force. Each subplot examines the impact of adjusting the subsidy rate for a specific major while keeping
the subsidies for other majors fixed at the benchmark level of 0.43. For example, in the first subplot from
the left, the line shows the change in the share of Science and Engineering (S&E) graduates as the subsidy
rate (τ ) varies. The shaded areas indicate the source of changes, showing the education options from
which individuals are shifting into or out of the S&E major. The y-axis is percentage point deviation of the
corresponding major’s share from the benchmark. S&E, B&E, and HSS denote Science and Engineering,
Business and Economics, and Humanities and Social Sciences, respectively.

The first key finding is that the responsiveness of enrollment in targeted majors to
changes in subsidy rates varies significantly among different college majors. Humanities
and Social Sciences (HSS) exhibit the highest sensitivity to subsidy adjustments. Increasing
the subsidy rate for HSS to 100 percent results in a 6 percentage point increase in the
share of graduates from this major. Conversely, Business and Economics (B&E) majors see
an increase of approximately 4 percentage points, while Science and Engineering (S&E)
majors experience a 5 percentage point rise.31

31In other words, with a 100 percent increase in HSS subsidies, 7.6 percent of individuals who would have
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Moreover, the profile of individuals attracted by higher subsidies differs across college
majors. Subsidies for each major tend to draw in a substantial number of individuals
who would not have pursued higher education under the benchmark subsidy rates, as
indicated by the gray shaded areas in each figure. This pattern is particularly pronounced
for HSS major, highlighting their higher sensitivity to subsidies. Higher responsiveness
of individuals who would typically not attend college to HSS subsidies is attributed to
the distribution of pre-college abilities. Specifically, inadequate math abilities are a more
significant barrier for S&E and B&E majors due to their high math intensity. 32 Therefore,
individuals with lower math abilities are less likely to enroll in S&E and B&E majors even
with substantial subsidies, making them more responsive to subsidies for HSS majors,
which are less math-intensive.

The transition between S&E and B&E majors is more common compared to the tran-
sition from HSS to these majors, as indicated by the blue shaded areas in the first and
second figures. Mathematical abilities again play a crucial role in this pattern because both
S&E and B&E majors are math-intensive. Students with sufficient math abilities in one of
these majors are likely to have the skills needed for the other, as these fields share more
similar math skill contents compared to HSS. Consequently, changes in subsidies can more
effectively influence transitions between S&E and B&E majors. In contrast, individuals
in HSS majors, who generally have lower math abilities, face greater private costs when
attempting to transition to S&E or B&E majors due to their higher math skill content.

Skill composition of workforce Table 7 documents the changes in average post-
college skills relative to the benchmark economy resulting from a 50% increase in the
subsidy rate for each college major individually, as shown in each column.33

When increasing the subsidy rate for S&E, as discussed earlier, a fraction of individuals
who would normally prefer other majors or opt not to attend college choose S&E instead.
These individuals tend to have the highest comparative advantage in S&E, meaning
those with the strongest math abilities from other educational groups are drawn to S&E.
Consequently, the average math skills of graduates from other majors drop significantly

otherwise chosen different educational options, including non-college pathways, now prefer HSS majors. In
comparison, the corresponding figures for SE and BE majors are 6.1 percent and 5.2 percent, respectively.

32In terms of model parameters, the cost of skill shortages is greater for math abilities than for verbal
abilities, with calibrated parameters indicating kmath > kverbal. Additionally, S&E and B&E majors require
more math abilities compared to HSS, as shown by the higher values of cS&E

math and cB&E
math compared to cHSS

math
(see Table 4).

33A 50% increase in subsidy rates is selected to illustrate the effect of targeted subsidies on skill composi-
tion. For the effects of different subsidy rates, refer to Table F.2
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Table 7: Targeted Subsidies and Skill Composition

τS&E = 0.645 τB&E = 0.645 τHSS = 0.645
Non-college

math -0.80 -0.54 -0.41
verbal -0.63 -0.43 -0.76
social -0.14 -0.11 -0.10

Science & Engineering
math -0.10 -0.01 +0.02
verbal -0.05 +0.02 -0.06
social +0.09 +0.03 +0.07

Business & Economics
math -0.17 -0.04 +0.02
verbal -0.11 +0.01 -0.11
social +0.05 +0.02 +0.07

Humanities and Social Sciences
math -0.52 -0.30 +0.45
verbal -0.10 -0.06 +0.04
social -0.02 -0.02 +0.15

All
math +1.36 +1.02 -0.20
verbal +0.02 +0.09 +1.79
social +0.43 -0.07 +0.36

Notes: This table shows the percentage change in average skills across each skill dimension for each
educational group relative to the benchmark. In each column, the subsidy rate (τ ) for the corresponding
college major is increased by 50% (from 0.43 to 0.645), while the subsidy rates for other majors are kept fixed
at the benchmark level.

because they lose individuals with the strongest math abilities. This effect is particularly
pronounced among those who would otherwise choose the non-college option.

Although S&E attracts individuals with high math abilities from other majors, these
individuals’ math skills are still lower compared to those who originally chose S&E in the
benchmark. As a result, the average post-college math skill of S&E graduates is lower than
the benchmark.

Increasing the subsidy rate for S&E by 50% results in a 1.36% increase in the average
math skills in the economy, attributable to changes in the student composition. In other
words, while individuals switching to S&E after the subsidy increase have lower math
abilities compared to those who initially chose S&E under the benchmark rates, they still
accumulate more math human capital than they would have in their previous non-S&E
education option, due to the high math skill content of S&E majors.
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Since initial math and verbal abilities are highly correlated, increasing the subsidy for
S&E not only attracts individuals with higher math abilities but also those with higher
verbal abilities. Consequently, as more students with higher math and verbal abilites are
drawn to S&E, the average verbal human capital among graduates from other majors
and non-college individuals decreases. However, the overall verbal human capital in the
economy remains relatively unchanged. This is because individuals who transition from
the non-college pool to S&E tend to accumulate more verbal skills, while those switching
from other college majors to S&E accumulate fewer verbal skills due to the lower verbal
skill content in S&E majors. As a result, these opposing effects balance each other out,
maintaining a stable level of verbal human capital in the economy.

The same mechanism operates when the subsidy for B&E is increased, but with a
notable difference. Although larger subsidies for B&E can attract individuals with higher
math abilities from the non-college and HSS pools, they tend to draw only average indi-
viduals from the S&E major. This occurs because S&E has a comparative advantage in
math skill accumulation. Consequently, the overall math human capital in the economy
increases by 1.02 %, which is lower than the 1.36 % increase observed when subsidizing
S&E.

Subsidizing HSS benefits verbal abilities, leading to a 1.79 % increase, while causing
a moderate 0.20 % decrease in math abilities. The average human capital of non-college
individuals declines across all skill dimensions compared to the benchmark, as the HSS
major attracts individuals with higher abilities from the non-college pool. In both S&E and
B&E, the average math human capital slightly increases by 0.02 percent, while the average
verbal human capital decreases by 0.06 % and 0.011 %, respectively. The individuals
transitioning from S&E and B&E to HSS can be characterized by higher-than-average
verbal abilities and slightly lower-than-average math abilities. Although these marginal
individuals have slightly lower math human capital compared to the benchmark case, their
math abilities are still significantly higher than those of the benchmark HSS graduates.
This results in an overall increase of 0.45 % in the average math ability of HSS graduates.

The changes in social human capital resulting from increases in subsidy rates are
moderate. This is because the social skill component of these majors is relatively lower
and similar across the board, indicating that social skill accumulation in college majors is
less pronounced and more uniform compared to other skills. Consequently, the impact of
subsidies on social human capital is less significant.
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Table 8: Targeted Subsidies and Output

τS&E = 0.645 τB&E = 0.645 τHSS = 0.645
Total Output(∆ %) 0.48 0.19 0.37
Shares (∆ pp.)

S&E 1.82 -0.42 -0.38
B&E -0.41 1.57 -0.29
HSS -0.38 -0.29 2.17
Non-college -1.03 -0.86 -1.50

Average Skills (∆ %)
Math 1.36 1.02 -0.20
Verbal 0.02 0.09 1.79
Social 0.43 -0.07 0.36

Notes: This table shows the percentage change in output, percentage point changes in education groups, and
percentage change in average skills across each skill dimension. All numbers are relative to the benchmark.
In each column, the subsidy rate (τ ) for the corresponding college major is increased by 50% (from 0.43 to
0.645), while the subsidy rates for other majors are kept fixed at the benchmark level. S&E, B&E, and HSS
denote Science and Engineering, Business and Economics, and Humanities and Social Sciences, respectively.

Match output I apply the same exercise described above to evaluate the effects of
major-targeted subsidies on match output.34 The results are shown in Table 8. Increasing
the subsidy rate for each major at the same rate leads to differential increases in output: a
0.48 % increase for S&E, followed by a 0.38 % increase for HSS, and a more modest 0.19 %
increase for B&E.

Subsidizing S&E and HSS results in similar output gains, while BE subsidies yield
significantly lower gains. There are two main reasons for this. First, HSS majors attract
a substantial number of individuals who would not have otherwise pursued higher
education. Specifically, increasing HSS subsidies raises HSS enrollment by 2.17 percentage
points, with 1.5 percentage points (approximately 70 percent) coming from the non-college
pool. The marginal impact of individuals from the non-college pool on the economy’s
skill composition is greater than that of individuals transitioning from other majors, as
non-college individuals contribute more to human capital accumulation due to the absence
of previous college-level skill development. Consequently, subsidizing HSS leads to a 1.79
% increase in verbal abilities, which surpasses the average skill increase observed from
subsidies for any other major.

Second, subsidizing S&E majors attracts fewer individuals from the non-college pool
compared to HSS subsidies. Specifically, only 1.03 percentage points of the additional
1.82 percentage points increase in S&E graduates come from non-college backgrounds.

34The total match output can be defined as
∫ ∫

y(h, r)gm(h, r)dhdr.
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Table 9: Targeted Subsidies and Earnings

τS&E = 0.645 τB&E = 0.645 τHSS = 0.645
Earnings (∆ %) 0.48 0.18 0.36

S&E 0.00 0.00 0.00
B&E -0.03 -0.01 0.01
HSS -0.12 -0.09 0.13
Non-college -0.55 -0.39 -0.48

College Premium(∆ pp.)
S&E 0.96 0.70 0.85
B&E 1.37 1.02 1.30
HSS 1.23 0.87 1.78

Notes: This table shows the percentage change in earnings and percentage point changes in college premium.
All numbers are relative to the benchmark. In each column, the subsidy rate (τ ) for the corresponding college
major is increased by 50% (from 0.43 to 0.645), while the subsidy rates for other majors are kept fixed at
the benchmark level. S&E, B&E, and HSS denote Science and Engineering, Business and Economics, and
Humanities and Social Sciences, respectively. College premium is calculated relative to non-college earnings.

However, S&E subsidies lead to a significant 1.36 percent increase in math human capital,
which is more productive compared to verbal skills. This substantial increase in a more
productive type of human capital explains the higher output gain associated with S&E
subsidies.

Among these effects, when B&E majors are subsidized, they attract fewer individuals
from the non-college pool, drawing only 54 percent compared to 70 percent for HSS.
Additionally, the increase in the most productive skills is limited for BE subsidies, with
only a 1.02 percent rise in math human capital compared to a 1.36 percent increase with
S&E subsidies. Consequently, the output gain from subsidizing BE majors is more limited
compared to other majors. For a more detailed analysis of output gains, see the discussion
in Section 6.2.

Earnings and college premium Table 9 presents the effects of college major-specific
subsidies on the earnings of each education group and the college premium for each major.
In general, the earnings trends mirror those observed in match output. Specifically, a 50%
increase in the subsidy for S&E results in a 0.48% rise in mean earnings. For B&E and
HSS, the increases are 0.18% and 0.36%, respectively. In all cases, the non-college group
experiences the largest decline in mean earnings. This occurs because subsidies attract
higher-ability individuals to the targeted college majors, thereby lowering the average
ability level in the non-college group

Subsidies to S&E also attract individuals from other majors who possess higher abili-
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ties, as noted earlier. Consequently, the mean earnings in other college majors decrease,
although the decline is not as pronounced as in the non-college group. The mean earnings
of non-college do not change significantly because, while the individuals switching from
other majors have, on average, lower abilities compared to those in S&E at the benchmark,
they now develop human capital that is more highly valued in the labor market. These
two effects effectively cancel each other out. In contrast, subsidizing HSS leads to a modest
increase in the earnings of this group because the individuals drawn from other majors
tend to have higher pre-college abilities than the original HSS graduates.

Even though college major-specific subsidies may not directly increase the mean earn-
ings within subsidized majors, the college premiums for all majors rise. This is because
the college premium is calculated as the average wage of each college major relative to the
non-college group. As subsidies attract higher-ability individuals into college majors, the
earnings of the base group of non-college individuals shrinks. Consequently, the college
premium for each major increases. Among the college majors, HSS experience the largest
increase in its college premium, rising by 1.78% when subsidized.

6 Welfare-Maximizing Subsidies

My findings to date suggest that while uniform subsidies are effective in increasing overall
college enrollment, they have limited influence on the distribution of graduates across
majors. In contrast, subsidies targeted at specific fields of study can significantly alter
the composition of college graduates. The effectiveness of these targeted subsidies varies
depending on the major being subsidized. For instance, increasing subsidies for S&E leads
to a greater overall output gain compared to B&E and HSS. Conversely, subsidizing HSS
proves more effective in attracting individuals who might otherwise not pursue higher
education.

Motivated by this, I compute the welfare-maximizing college major-specific subsidy
schemes. I define welfare as the ex-ante value of individuals:

V (a) = max
i∈I

{−pi(1− τ i)− d(a, i) + βiVu(h(a, i))} (30)

where welfare consists of three components: the pecuniary cost of the chosen education
option (i.e., monetary cost), the non-pecuniary cost of the chosen education option (i.e.,
study effort), and the value of entering the labor market with the skill bundle resulting
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from the chosen education path.35 The total welfare in the economy is then expressed as∫
V (a)ga(a)da.

Table 10: Welfare Maximization

Benchmark Welfare
Max.

10% more
subsidy

10 % more
+Welfare

Max.

20% more
subsidy

20 % more
+Welfare

Max.
τS&E 0.43 0.78 0.47 0.83 0.50 0.87
τB&E 0.43 0.00 0.47 0.00 0.50 0.04
τHSS 0.43 0.21 0.47 0.25 0.50 0.27
Tot. Cost 100 100 110 110 120 120
Shares (%)

S&E 11.9 16.2 12.0 16.5 12.2 16.8
B&E 8.9 6.0 9.0 5.9 9.1 6.0
HSS 14.5 12.3 14.8 12.6 15.0 12.7
Non-College 64.7 65.5 64.2 65.0 63.6 64.5

Output (∆ %) 0.00 0.23 0.17 0.40 0.33 0.57
Welfare (∆ %) 0 0.47 0.13 0.73 0.26 0.97
Welf. Gain Cont. (%)

Pecuniary Cost 0 32.6 129.0 51.7 128.3 64.6
Study Effort 0 -15.5 -40.0 -19.1 -39.2 -23.2
Future Value 0 82.9 11.0 67.3 10.9 58.6

Notes: This table shows the changes in aggregate welfare under various subsidy schemes. The first column
presents the benchmark results. The second column shows the results for welfare-maximizing college
major-specific subsidies, with the overall subsidy cost fixed at the benchmark level. The third column
displays the effects of uniformly increasing subsidies, with the total subsidy cost rising by 10%. The fourth
column presents the results for welfare-maximizing subsidy schemes with an additional 10% increase in
subsidy expenditure. The last two columns provide the results for 20% increases in subsidy expenditure.
S&E, B&E, and HSS denote Science and Engineering, Business and Economics, and Humanities and Social
Sciences, respectively. τS&E, τB&E, and τHSS represent the subsidy rates for S&E, B&E, and HSS, respectively.

Welfare-maximizing subsidy scheme First, I compute the welfare-maximizing subsidy
rates, ensuring that the total subsidy cost remains fixed at the benchmark level. The results
of this exercise are presented in the second column of the Table 10. Introducing differential
subsidy rates across college majors leads to a 0.47% increase in welfare, achieved without
allocating any additional resources, as the total cost of subsidies is held constant. Under
this welfare-maximizing scheme, the subsidy rate for S&E increases significantly to 78%,
while the subsidy for HSS is reduced to 21%, and no subsidy is allocated to the B&E major.

The absence of subsidies for B&E is due to the fact that educational choices and labor
market outcomes are least sensitive to changes in B&E subsidy rates, as discussed in

35This equation corresponds to equation 4, substituted into equation 5 from the model section. I exclude
the preference shock since the mean of the distribution remains constant and does not vary across different
specifications, thereby not affecting welfare comparisons.
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previous sections. In contrast, subsidies for S&E and HSS remain positive, although the
rates are adjusted in favor of S&E. This adjustment reflects the tradeoff between subsidizing
S&E and HSS: while human capital from S&E is highly valued in the labor market, college
enrollment is more responsive to HSS subsidies due to the higher transition rate from
HSS to non-college options. Thus, even though welfare maximization requires increasing
subsidies for S&E to attract individuals to this major, it does not eliminate subsidies for
HSS. This is because removing HSS subsidies could lead too many individuals to opt
out of college altogether, which would reduce overall welfare more than the gains from
increasing S&E subsidies.

Major composition of college graduates Under this welfare-maximizing subsidy scheme,
the share of students majoring in S&E increases from 11.9% to 16.2%, representing an
approximately 35% rise in the number of S&E graduates. Most of this increase results from
students switching from other majors, as the lower subsidies for those majors lead them
to choose S&E instead. Notably, the overall college enrollment rate decreases by only 0.8
percentage points due to the reduced subsidy rates for other majors.

Decomposing welfare gains I decompose the welfare gain into three components, as
presented in equation 30. While changes in the future value of human capital and monetary
costs contribute positively to welfare, the study effort works in the opposite direction. The
gain in monetary cost is a mechanical effect due to the decrease in college enrollment. The
increase in value is the most significant component of the welfare gain, contributing 82.9%
of the total gain. This is because human capital accumulated in the S&E major is highly
valued in the labor market, leading to a rise in the total discounted value for individuals.
In contrast, the study effort negatively impacts welfare, contributing -15.5% to the overall
gain, as individuals are shifting to more challenging majors.

Increasing the total college subsidy cost Next, I analyze the impact of increasing the
total college subsidy cost by 10%, both with fixed subsidy rates and by allowing differential
subsidies across college majors. The results are summarized in columns 3 and 4 of Table
10. First, I examine the effects of a uniform increase in subsidy rates. With a 10% increase
in the total subsidy expenditure, welfare gains are relatively modest, amounting to just
0.13%. This minimal gain is largely attributable to the additional resources allocated by
the uniform subsidy increase. Despite the increase in subsidy expenditure, the college
enrollment rate only rises by 0.5 percentage points. Specifically, the non-college share
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decreases slightly from 64.7% to 64.2%, indicating only a marginal shift in the overall
college enrollment. Furthermore, the major composition of college graduates does not
change significantly under uniform subsidies.

In contrast, allowing for differential subsidies across college majors with an additional
10% subsidy expenditure results in a more substantial welfare gain of 0.73% relative to the
benchmark. Moreover, if the total subsidy cost were increased by 20%, as shown in the last
column of Table 10, the welfare gain could rise to approximately 1%. This suggests that
college-major-targeted subsidy policies may be even more effective when accompanied by
an increase in overall higher education subsidy expenditures.

7 Discussion

7.1 Decomposing Output Gain

In Section 5.2, I discuss the differential output gains resulting from targeted college major
subsidies, depending on which major is subsidized. The key insight is that while human
capital accumulated in the S&E major is more valued in the labor market—leading to
higher output gains—the subsidy for HSS attracts more individuals who would otherwise
not attend college. This higher sensitivity is responsible for the significant output gains
observed when subsidizing HSS. In this section, I further decompose these output gains.

The match output, defined in equation 7, consists of three components: the charac-
teristics of the job, the human capital of the individual, and the degree of mismatch
between these two. The mismatch represents the underqualification of workers relative
to the requirements of their jobs. Table 11 shows the contribution of each component
to the output gain resulting from increased subsidies for the relevant major as well as
welfare-maximizing subsidy scheme described above.

Improvements in human capital are the most significant contributors to output gains
across all majors. Specifically, human capital improvements account for 88.9% of the output
gain when subsidizing B&E, 83% when subsidizing S&E, and 68.1% when subsidizing
HSS. In each case, the primary driver of these gains is the enhancement of human capital,
with improvements in math skills contributing to gains for B&E and S&E, and verbal skills
driving the gains for HSS.

The contributions of improvements in job characteristics and reductions in skill mis-
match are relatively limited for S&E and B&E. However, in the case of HSS, these contri-
butions are more significant. Specifically, improvements in job characteristics account for
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Table 11: Decomposing Output Gain

Welfare Max. τS&E = 0.645 τB&E = 0.645 τHSS = 0.645
Output (∆ % Benchmark) 0.23 0.48 0.19 0.37
Skill Requirements 11.3 11.9 3.2 19.0

math 4.8 3.4 4.6 8.3
verbal -4.4 2 1.8 4.6
social 10.9 6.5 -3.2 6.1

Human Capital 65.8 83.6 88.9 68.1
math 87.1 70.7 89.9 -8.3
verbal -60.8 0.5 4.2 64.8
social 39.5 12.4 -5.2 11.6

Skill Mismatch 22.8 4.5 7.9 12.9
math 21.8 1.5 5.1 10.8
verbal 3.1 1.3 4.9 0.6
social -2.1 1.6 -2.1 1.4

Notes: This table shows the percentage contributions of skill improvement, human capital, and skill mismatch
to the output gain resulting from a 50% increase in the subsidy rate for each major, while keeping the other
subsidy rates at the benchmark level as well as welfare-maximizing subsidy scheme. The entries in the table
are expressed as percentages (%), and the sum of the bold entries in each column should total 100%. There
may be rounding errors.

19% of the total output gain, while reductions in skill mismatch contribute nearly 13%.
This difference is due to the profile of individuals attracted to the targeted major:

HSS subsidies draw more people from the non-college pool who are likely to experience
underqualification-related output losses in the benchmark economy. As a result, the skill
mismatch in HSS improves more significantly, reducing the overall underqualification
of workers in the economy. Additionally, firms respond by posting jobs with higher
requirements, as the likelihood of matching workers who meet job requirements increases.

The welfare-maximizing subsidy scheme results in a 0.23 percent output gain. The
largest contributor is the improvement in human capital, accounting for 65.8 percent of the
gain. Specifically, improvements in math skills play a crucial role, while a decline in verbal
skills works in the opposite direction. This occurs because the welfare-maximizing subsidy
scheme directs individuals away from more verbally intensive majors towards Science and
Engineering, which are more math-intensive. Additionally, the effects of job improvements
and reductions in skill mismatch are significant, contributing 11.3 percent and 22.8 percent,
respectively. Nearly one-third of the output gain comes from channels other than human
capital improvement, underscoring the importance of general equilibrium effects when
evaluating the potential impacts of college major-specific subsidies.
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7.2 The Role of Pre-college Abilities

College major subsidies play a crucial role in influencing both the decision to pursue higher
education and the choice of college major. However, subsidies alone do not capture the
entire picture. For instance, even under a free tuition policy, there is only a 8.4 percentage
point increase in the proportion of individuals choosing to pursue college education
compared to the benchmark. Furthermore, when only S&E majors are made free while
other majors remain at the benchmark subsidy level, there is an additional 4.5 percentage
point increase in the proportion of individuals selecting S&E majors.

The model emphasizes the critical role of non-pecuniary costs in shaping individuals’
educational decisions, particularly in relation to their multidimensional pre-college abilities
and preferences. The alignment between an individual’s pre-college ability profile and the
skill content of their chosen major significantly influences their study effort. For instance,
a student with limited algebra skills may struggle in an engineering major, even if they
excel in writing. Conversely, a student with exceptional algebra skills but weak verbal
communication may find it challenging to succeed in a humanities major. Moreover,
the private benefits of different college majors are closely tied to initial abilities. The
complementarity between an individual’s initial abilities and the skill content required by
their chosen major affects the development of human capital for the labor market.

Figure 8 illustrates the impact of initial abilities on education choices. I shift the
initial ability distribution by applying various multipliers and display the corresponding
education choices in each case. A value of 10 on the x-axis indicates that everyone’s
pre-college abilities in each dimension are 10 percent higher than their benchmark levels.
This exercise highlights that as pre-college abilities increase relative to the benchmark,
more individuals opt for S&E and B&E majors. Although many of these individuals would
have chosen not to attend college under the benchmark scenario (as evidenced by the
significant decrease in the non-college share), a notable finding is the slight decline in the
share of HSS graduates. This occurs because individuals with insufficient math abilities
who initially chose HSS majors due to the high skill demands of S&E and B&E majors now
opt for higher-paying S&E and B&E majors, thanks to their improved math abilities.

7.3 The Role of Skill Mismatch

The model highlights the importance of labor market matching, as underqualification leads
to output loss (captured by η), while overqualification results in utility losses (captured by
ϕ). The calibrated values of all skill mismatch parameters are positive. To understand the
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Figure 8: Pre-college abilities and college major choice
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Notes: This figure displays the composition of education groups for different values of initial abilities. The
y-axis on the left represents the shares of college majors, while the y-axis on the right represents the share of
non-college. The x-axis shows the percentage change in initial abilities across all dimensions. A value of 0
represents the benchmark economy, while a value of 10 represents a scenario where initial abilities across all
dimensions for all individuals increase by 10 percent.

role of skill mismatch in model dynamics, I conduct the same analysis without accounting
for the cost of skill mismatch—specifically, by setting all skill mismatch parameters to zero.
Table 12 presents the results for selected variables.

When skill mismatch is not costly, the share of the non-college group increases by
3 percentage points. The decline in college enrollment primarily stems from a drop in
Humanities and Social Sciences (HSS) graduates, falling from 14.5% to 11.6%. One key
reason individuals enroll in college is to reduce the likelihood of being underqualified for
jobs. By eliminating the phenomenon of skill mismatch, this incentive weakens, leading
fewer people to pursue college. The cost of skill mismatch is higher for those attending HSS
majors, as discussed in Section 7.1. As a result, without costly skill mismatch, attending
HSS becomes less attractive.

College premiums in the model without skill mismatch are significantly lower. In the
model that includes skill mismatch, college graduates with higher human capital are less
likely to experience output loss due to underqualification. Removing the cost of skill mis-
match narrows the wage gap between college and non-college individuals. Furthermore,
eliminating skill mismatch costs leads to a 9.71% increase in output, underscoring the
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Table 12: The Role of Skill Mismatch

Mismatch No Mismatch

Benchmark S&E
subs.

B&E
subs.

HSS
subs. Benchmark S&E

subs.
B&E
subs.

HSS
subs.

Share(%)
S&E 11.9 13.7 11.4 11.5 11.4 13.2 11.0 11.1
B&E 8.9 8.5 10.4 8.6 9.2 8.8 10.8 8.9
HSS 14.5 14.2 14.3 16.7 11.6 11.3 11.3 13.6
Non-col. 64.7 63.7 63.9 63.2 67.7 66.7 66.9 66.4

Col. Prem.(%)
S&E 76.3 77.2 77.0 77.1 40.5 40.6 40.6 40.6
B&E 61.0 61.8 61.6 61.7 32.3 32.4 32.4 32.4
HSS 53.0 53.6 53.4 53.9 24.5 24.5 24.5 24.7

Output 100.00 100.48 100.19 100.37 109.71 110.05 109.87 109.87
Col. Prem.(∆ %)

S&E 0.0 1.3 0.9 1.1 0.0 0.4 0.4 0.4
B&E 0.0 1.4 1.0 1.3 0.0 0.4 0.4 0.4
HSS 0.0 1.2 0.9 1.8 0.0 0.1 0.2 0.7

Output (∆ %) 0.00 0.48 0.19 0.37 0.00 0.31 0.15 0.15
Notes: This table compares selected moments for economies with and without skill mismatch. The economy
with mismatch corresponds to the model discussed so far. The economy without mismatch uses the same
parametrization, except that all skill mismatch parameters are set to zero, i.e., ηmath = ηverbal = ηsocial =
ϕmath = ϕverbal = ϕsocial = 0. Each column shows the results when a specific major is subsidized by 50%
more. For example, S&E subs. implies that τS&E = 0.645, while the subsidies for other majors remain at
their benchmark values. S&E, B&E, and HSS refer to Science and Engineering, Business and Economics, and
Humanities and Social Sciences, respectively

importance of labor market matching in determining output and wages.
In the model without mismatch costs, college major-specific subsidies are less effective

in altering college premiums and output. This is because improvements in skill mismatch
serve as an important channel through which subsidies impact output by increasing
human capital in specific dimensions.

8 Conclusion

In this paper, I examine the aggregate effects of higher major-targeted higher education
subsidies by considering college major heterogeneity. I build an equilibrium labor market
search model with two-sided multidimensional heterogeneity and endogenous college
major decisions by workers. I use NLSY79 and O*NET datasets to discipline model
parameters. The model can succesfully capture the college major decisions of individ-
uals conditional on their multidimensional abilities and observed differences between
graduates of different college majors.
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Several key findings are presented. First, the model shows that college majors differ
in their patterns of skill accumulation. Science and Engineering (S&E) is math-intensive,
requiring strong pre-college math abilities and leading to significant math human capital
gains. Humanities and Social Sciences (HSS) are verbal-intensive, while Business and
Economics (B&E) falls between the two. The model also highlights differences across
ability types: social skills develop more slowly and uniformly across all majors, playing a
smaller role in major choice but proving crucial in the labor market, particularly for job
matching. Math skills, offering higher returns than verbal skills, help explain the superior
labor market outcomes for S&E graduates.

Second, while uniform changes in college subsidy rates have minimal effect on the com-
position of college graduates by major, targeted subsidies can effectively shift individuals
toward specific majors. Targeting HSS is particularly effective because a larger proportion
of individuals who would otherwise choose non-college paths respond to higher subsidies
in HSS majors.

Third, the output gains from targeted subsidies vary by major. S&E and HSS yield
higher gains compared to B&E, but for different reasons. In S&E, individuals acquire more
highly valued math skills, driving the increase in output. In HSS, the gains come from
attracting more individuals from the non-college pool, leading to an overall increase in
human capital and, consequently, higher output.

Lastly, the results reveal that allowing college major-specific subsidy rates, without
increasing the total subsidy cost, leads to a 0.5% welfare gain. The welfare-maximizing
subsidy scheme results in a 4.3 percentage point increase in S&E graduates. It is important
to note that this welfare gain is achieved without the need for additional resources and is
solely the result of allowing differential subsidy rates across college majors.
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A An Overview of Higher Education Subsidies

A.1 Price of College

I calculate the cost of attending a 4-year college between 2003 and 2023 using data provided
by College Board (2023), focusing only on 4-year institutions to maintain consistency with
my quantitative framework. Private for-profit institutions are excluded from this analysis,
as their enrollment share was relatively low, around 5

Table A.1 shows the average published prices for private non-profit and public colleges
during selected years. To align with my quantitative framework, the "published price"
refers to the sticker price charged by institutions. FT represents tuition and fees, while
FTHF includes housing and food costs for students residing on campus. The cost of atten-
dance (COA) further incorporates allowances for books, course materials, supplies, and
transportation. In this study, I refer to COA as the "college price" because it encompasses
all relevant expenses faced by an average student during their college years.

The average price of college is calculated by weighting private non-profit and public 4-
year college prices according to their full-time equivalent (FTE) enrollment. FTE enrollment
is defined as the number of full-time students, plus the full-time equivalent of part-time
students.

The average annual cost of attending a 4-year college between 2003 and 2023 was
$39,075, amounting to $156,300 for a four-year period. More than half of this cost is
attributed to tuition and fees. In 2023, tuition and fees made up 53% of the total cost of
attendance, while housing and food constituted 34%, with other expenses accounting for
the remaining 12%.

During the same period, the average quarterly wage earnings were $16,030. (U.S.
Bureau of Economic Analysis (2024) Therefore, in my model, I set the price of college at
9.75 times the average wage, i.e., p = 9.75 ∗ ω , where $156,300 is divided by the average
wage of $16,030.

A.2 Types of Financial Aid

Table A.2 provides an overview of the budgets for current financial aid programs in the
U.S. for selected years. The total amount of federal, state, institutional, and other financial
aid sums to $189.4 billion in 2023. Below is a brief description of selected programs. For a
more detailed discussion, see Dynarski et al. (2023).
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Table A.1: Published Cost of College

07-08 12-13 17-18 22-23

Private Non-Profit

Published TF $34,540 $38,620 $43,310 $41,740

Published TFHF $47,180 $52,550 $58,640 $56,400

Published COA $51,710 $57,570 $63,570 $60,720

Public

Published TF $9,130 $11,520 $12,450 $11,480

Published TFHF $20,000 $23,740 $25,940 $24,350

Published COA $25,530 $29,600 $31,580 $29,250

Average

Published TF $17,595 $20,423 $22,318 $21,223

Published TFHF $29,055 $33,204 $36,396 $34,669

Published COA $34,252 $38,788 $41,809 $39,383

FTE Enrollment

Private Non-Profit 2,993,901 3,309,242 3,435,813 3,465,781

Public 5,992,611 6,764,184 7,309,343 7,298,227
Source: The source for FTE enrollment counts is National Center for Education
Statistics (2022), available at https://nces.ed.gov/programs/digest/d22/tables/dt22-
307.10.asp. The source for cost of college is College Board (2023)
https://research.collegeboard.org/trends/college-pricing Notes: This table presents the
average annual published cost of a 4-year college in the U.S. between 2007-2008 and
2022-2023 for every five-year period. TF stands for Tuition and Fees, TFHF stands for
Tuition, Fees, Housing, and Food, and COA represents the Cost of Attendance. FTE stands
for Full-Time Enrollment. All prices are 2023 prices.

Federal aid programs: The federal government plays a significant role in subsidizing
higher education through grants, loans, and tax benefits, providing a total of $96.5 billion
in 2023—more than 50 percent of all financial aid. The federal share of financial aid has
fluctuated between 50 and 75 percent over the years. Federal financial aid is distributed
through various grant programs, loans, and tax benefits. Grants accounted for 38 percent
of total federal aid in 2023, totaling over $37 billion, while loans made up 50 percent, and
tax benefits contributed the remaining 12 percent.
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Table A.2: Financial Aid by Source

06-07 11-12 16-17 21-22

Federal aid $92.31 $174.10 $135.29 $96.52

Total Federal Grants $24.07 $56.33 $45.99 $37.17

Pell Grants $18.61 $43.68 $32.79 $27.93

FSEOG $1.12 $0.96 $0.89 $0.94

Veterans and Military $3.61 $11.69 $12.31 $8.30

Federal Loans $57.87 $92.76 $70.48 $47.07

Perkins Loans $1.81 $0.98 $0.84 $0.00

Subsidized Stafford $24.45 $37.70 $26.40 $16.96

Unsubsidized Stafford $19.80 $39.67 $27.91 $18.83

ParentPLUS $11.80 $14.41 $15.32 $11.28

Federal Work-Study $1.25 $1.13 $1.07 $1.10

Education Tax Benefits $9.11 $23.88 $17.75 $11.18

State Grants $10.81 $12.04 $13.16 $13.75

Institutional Grants $29.43 $42.60 $56.93 $63.14

Private Grants $9.70 $12.37 $14.22 $12.81

Total Financial Aid $142.25 $241.11 $219.61 $186.22
Source: College Board (2023) https://research.collegeboard.org/trends/college-pricing
Notes: This table presents financial aid awarded to undergraduate students by source for
selected years from 2006 to 2022. All amounts are in billions of dollars, adjusted to 2022
prices.

The primary federal aid programs include:

• Pell Grants: Pell Grants are need-based awards for undergraduate students from
low-income families that do not require repayment. They are a cornerstone of federal
grant aid, accounting for over 70 percent of such funding in 2023. The amount
awarded is based on the student’s financial need, cost of attendance, and enrollment
status (full-time or part-time).

• Federal Supplemental Educational Opportunity Grant (FSEOG): The FSEOG is an
additional need-based grant program aimed at students with the highest financial
need. Unlike Pell Grants, FSEOG funding is limited, and not all eligible students
receive it, as awards depend on availability at each participating institution.
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• Perkins Loans: Perkins Loans were designed for students with exceptional financial
need, offering a fixed interest rate of 5%. These subsidized loans covered interest
while students were enrolled and were administered directly by participating schools.
The program was discontinued in 2017, and no new loans have been issued since.

• Subsidized Stafford Loans: Subsidized Stafford Loans are available to undergradu-
ate students with demonstrated financial need. The government pays the interest
while students are in school, during a six-month grace period, and during deferment.
This makes them an appealing option for those with limited financial resources.
While they have lower borrowing limits than unsubsidized loans, they come with
fixed, low-interest rates determined by the federal government each year.

• Unsubsidized Stafford Loans: Unsubsidized Stafford Loans are available to both
undergraduate and graduate students, regardless of financial need. Interest begins
accruing immediately upon disbursement, and borrowers are responsible for paying
it throughout their time in school. While these loans have higher borrowing limits
than subsidized loans, the early interest accumulation can lead to larger balances
upon graduation. Nevertheless, they remain popular due to their relatively low fixed
interest rates and flexible repayment options compared to private loans.

• ParentPLUS Loans: ParentPLUS Loans are federal loans for parents of dependent
undergraduate students, allowing them to borrow up to the full cost of attendance
minus any financial aid received. Unlike Stafford Loans, these require a credit
check but offer flexible repayment plans and fixed interest rates. While parents can
defer payments while the student is in school, interest accrues during this period.
ParentPLUS Loans can help cover funding gaps but come with higher interest rates
than other federal loans, necessitating careful consideration of repayment obligations.

• Education Tax Benefits: Education tax benefits in the U.S. help alleviate the cost of
higher education through tax relief. The American Opportunity Tax Credit (AOTC)
provides up to $2,500 per student for the first four years of college, with partial
refunds available. The Lifetime Learning Credit (LLC) offers up to $2,000 annually
for education at any stage. Additionally, the Tuition and Fees Deduction allows for a
deduction of up to $4,000 from taxable income. These benefits lower education costs
and promote investment in higher education.

57



State Grants State grants constitute around 8 percent of financial aid for college students.
In the U.S., state grants provide financial assistance to students, typically based on need or
merit, to support their college education. Each state administers its own grant programs,
often prioritizing residents attending in-state public colleges, although some grants are
also available for private institutions. The largest state programs, such as Cal Grants in
California and the Tuition Assistance Program (TAP) in New York, focus on helping low-
and middle-income families cover tuition costs. Eligibility criteria and award amounts vary
by state, but these grants serve as a crucial supplement to federal aid for many students.

Institutional Grants Institutional grants are financial aid awards provided directly by
colleges or universities to help students cover tuition and other educational expenses.
These grants are typically funded by the institution’s own resources, such as endowments
or donations, and are often awarded based on need, merit, or a combination of both.
Unlike loans, institutional grants do not need to be repaid. Many private universities and
selective public institutions use institutional grants as part of their financial aid packages
to attract talented students and ensure access for low-income students. These grants play a
significant role in reducing the net cost of attending college, accounting for nearly one-third
of all financial aid in 2023.

A.3 College Subsidy Rate

Table A.3 illustrates the financial aid per student, calculated based on the Full-Time
Equivalent (FTE) enrollment figures.36 In the 2022-2023 academic year, the average financial
aid awarded per student amounted to $15,480, with approximately 70 percent of this aid
originating from federal, state, and institutional grants.

In 2023, the ratio of average financial aid to the average Tuition and Fees (TF) at colleges
was 73 percent when federal loans were included. In contrast, when considering only
grants—excluding federal loans—this ratio dropped to 55 percent. When examining the
Cost of Attendance (COA), which encompasses not only tuition and fees but also housing,
food, books, and supplies, the ratios were significantly lower. Without accounting for
loans, the aid-to-COA ratio was 30 percent, whereas, when federal loans were included,
the ratio rose to 39 percent.

I use the ratio of total financial aid per student to the average published cost of atten-
dance (COA) to parameterize the college subsidy rate τ in my model. For the sampling

36FTE enrollment is defined as the number of full-time students, plus the full-time equivalent of part-time
students.
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Table A.3: College Subsidies per Student

07-08 12-13 17-18 22-23

Fianncial aid per Student $12,820 $17,620 $17,410 $15,480

Grant Aid $6,680 $9,420 $10,730 $10,680

Federal Loans $5,260 $6,510 $5,330 $3,860

Other $880 $1,690 $1,350 $940

Average TF $17,595 $20,423 $22,318 $21,223

Average COA $34,252 $38,788 $41,809 $39,383

Subsidy Rate (for COA)

with federal loans 0.37 0.45 0.42 0.39

without federal loans 0.22 0.29 0.29 0.30

Subsidy Rate (For TF)

with federal loans 0.73 0.86 0.78 0.73

without federal loans 0.43 0.54 0.54 0.55
Source: College Board (2023) https://research.collegeboard.org/trends/college-pricing
Notes: This table shows financial aid per Full-time-equivalent enrollment. TF stands for
Tuition and Fees, COA represents the Cost of Attendance. All prices are 2023 prices.

period from 2003 to 2023, the subsidy rate—defined as the ratio of financial aid per student
to the average published cost of attending a four-year college—is 43 percent. Consequently,
I set τ = 0.43.
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B Model Derivations

The value function of an unemployed individual with human capital h is recursively given
in equation:

Vu(h) = bω+β(1-ρ)

(1-qu(θ))Vu(h) + qu(θ)

∫
Aw(h)

gv(r)

V
Ve(h, r)dr+ qu(θ)Vu(h)

∫
Ac

w(h)

gv(r)

V
dr


we can rewrite it as:

Vu(h) = bω + β(1-ρ)Vu(h)− β(1-ρ)qu(θ)Vu(h) + β(1-ρ)qu(θ)
∫
Aw(h)

gv(r)

V
Ve(h, r)dr

+ β(1-ρ)qu(θ)Vu(h)
∫
Ac

w(h)

gv(r)

V
dr

= bω + β(1-ρ)Vu(h)− β(1-ρ)qu(θ)
∫
Aw(h)

gv(r)

V
Vu(h)− β(1-ρ)qu(θ)

∫
Ac

w(h)

gv(r)

V
Vu(h)

+ β(1-ρ)qu(θ)
∫
Aw(h)

gv(r)

V
Ve(h, r)dr+ β(1-ρ)qu(θ)Vu(h)

∫
Ac

w(h)

gv(r)

V
dr

= bω + β(1-ρ)Vu(h) + β(1-ρ)qu(θ)
∫
Aw(h)

gv(r)

V
[Ve(h, r)− Vu(h)]dr

by using nash bargaining result in equation 12

Vu(h) = bω + β(1-ρ)
[
Vu(h) + αqu(θ)

∫
Aw(h)

gv(r)

V
S(h, r)dr

]
(B.1)

Recall that the value of an employed worker with human capital h at a job with
requirements r is the following:

Ve(h, r) = ω(h, r)− g(h, r) + β(1-ρ)[δVu(h) + (1− δ)Ve(h, r)]

by adding and subtracting β(1-ρ)Vu(h), we can rearrange the equation:

Ve(h, r) = ω(h, r)− g(h, r) + β(1-ρ)δVu(h) + β(1-ρ)(1− δ)Ve(h, r) + β(1-ρ)Vu(h)− β(1-ρ)Vu(h)

= ω(h, r)− g(h, r) + β(1-ρ)Vu(h)− β(1-ρ)(1− δ)Vu(h) + β(1-ρ)(1− δ)Ve(h, r)

= ω(h, r)− g(h, r) + β(1-ρ)Vu(h) + β(1-ρ)(1− δ)[Ve(h, r)− Vu(h)]
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by plugging surplus sharing rule in equation 12:

Ve(h, r) = ω(h, r)− g(h, r) + β(1-ρ)[Vu(h) + α(1− δ)S(h, r)] (B.2)

Similarly, by using surplus sharing rules, we can rearrange the value of vacant jobs
Vv(r) and the value of producing jobs, Vp(h, r) as follows:

Vv(r) = −c(gv(r)) + β

[
Vv(r) + (1− α)qv(θ)

∫
Af (r)

gu(h)

U
S(h, r)dh

]
(B.3)

Vp(h, r) = y(h, r)− ω(h, r) + β[Vv(r) + (1− α)(1− δ)(1− ρ)S(h, r)] (B.4)

Note that the total surplus of a match is given by S(h, r) ≡ Vp(h, r)− Vv(r) + Ve(h, r)−
Vu(h) in equation 11. After applying the free entry condition Vv(r) = 0, and using equations
B.1 through B.4, the surplus function simplifies to:

S(h, r) = y(h, r) + β(1-δ)(1-ρ)S(h, r)−
(
b+ g(h, r) + β

[
α(1-ρ)qu(θ)

∫
Aw(h)

gv(r)

V
S(h, r)dr

])
(B.5)

Wage equation By rearranging equations 12 and 13:

Ve(h, r)− Vu(h) =
α

1− α
Vp(h, r)− Vv(r)

Also, by the free entry condition Vv(r) = 0, then:

ω(h, r)− g(h, r) + β(1-ρ)(1-δ)αS(h, r)− bω − β(1-ρ)αqu(θ)
∫
Aw(h)

gv(r)

V
S(h, r)dr

=
α

1− α
[y(h, r)− ω(h, r) + β(1-ρ)(1− α)(1− δ)S(h, r)]

ω(h, r) = αy(h, r) + (1− α)[g(h, r) + bω] + βα(1− α)(1− ρ)qu(θ)

∫
Aw(h)

gv(r)

V
S(h, r)dr
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After plugging free entry condition in equation 25 and rearrange

ω(h, r) = αy(h, r) + (1− α)[g(h, r) + bω] + α(1− ρ)c(gv(r))
qu(θ)

∫
Aw(h)

gv(r)
V
S(h, r)dr

qv(θ)
∫
Af (r)

gu(h)
U
S(h, r)dh

ω(h, r) = αy(h, r) + (1− α)[g(h, r) + bω] + α(1− ρ)c(gv(r))

∫
Aw(h)

gv(r)S(h, r)dr∫
Af (r)

gu(h)S(h, r)dh

Thus, match specific wage is:

ω(h, r) = α

(
y(h, r) + (1-ρ)c(gv(r))

[ ∫
Aw(h)

gv(r)S(h, r)dr∫
Af (r)

gu(h)S(h, r)dh

])
+ (1− α)[g(h, r) + bω] (B.6)
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C The Source of Inefficiency - A Simplified Model

In this section, I present a simplified and stylized version of the quantitative model
to showcase a particular source of inefficiency inherent in college major choice within
this model environment. The process involves describing the decentralized economy,
outlining the corresponding social planner problem, and ultimately identifying the sources
of inefficiency in college major choices. Proposition 1 characterizes the inefficiency of
college major choice in a decentralized economy by comparing it with the solution of the
social planner’s problem. Proposition 2 establishes a cross-college major subsidy scheme
that restores the efficiency of the decentralized economy.

C.1 Decentralized Economy

This section introduces a one-shot static model that integrates random search and college
major choice within a decentralized economic framework. Firms initiate the process by
posting vacancies, while workers make decisions regarding one of two college majors:
Science (S) and Humanities (H). The non-pecuniary cost associated with selecting a college
major, denoted as (cs, ch), follows a uniform distribution across [0, 1]× [0, 1]. Specifically,
an individual facing non-pecuniary costs of (cs, ch) incurs a cost of cs if inclined toward
the science major and ch if leaning toward the humanities major. Further, a pecuniary cost
of college is introduced as t, with each college major being subsidized by τs and τh. For the
purpose of the benchmark, it is assumed that τs = τh = τ .

The job landscape encompasses two distinct types: Science jobs and Humanities jobs.
Notably, firms lack prior knowledge (ex ante) of their job type, drawing the type of vacancy
from a distribution where both jobs are equally likely37. Workers engage in a search
process, and production occurs contingent upon a successful match with the appropriate
job, resulting in output values denoted as ys and yh. The share of science and humanities
workers is captured by σs and σh, adhering to the constraint σs + σh = 138.

The matching technology in this model is expressed by M(u, v) = uαv1−α. In the
specific scenario of this one-shot model, where everyone begins in an unemployed state
(u = 1), the matching function simplifies to M(v) = v1−α. This simplification offers clarity

37For the sake of simplicity in the equations, equally likely probabilities are assumed. It’s important
to note that these probabilities do not significantly influence the primary outcomes of the analysis in this
context. The equal likelihood assumption is made to streamline the mathematical expressions and facilitate a
more straightforward analysis without substantially altering the key results.

38It’s important to note that these σ’s represent equilibrium outcomes derived from individual college
major choices.
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in understanding the initial stages of the matching process. Subsequently, the probabilities
associated with worker-firm interactions are defined. Workers’ probability of meeting a
firm, denoted as p(v), is expressed as v1−α, while firms’ probability of meeting a worker,
represented by f(v), takes the form v−α.

The value of filled vacancies for Science (S) and Humanities (H) jobs is denoted as
Js = ys − ωs and Jh = yh − ωh, respectively. Additionally, the value of vacancy posting,
represented by V , is determined by an entrance cost (κ) and the expected values of filled
vacancies:

V = −κ+ f(v)

[
1

2
σsJs +

1

2
σhJh

]
(C.1)

Furthermore, the values associated with workers are described by the equations Es = ωs,
Eh = ωh, and U = 0. In the Nash bargaining framework, introducing workers’ bargaining
power (ϕ), the relationship between job values and bargaining power is established as
follows: ωs = ϕys and ωh = ϕyh.

Then, the free entry condition (V = 0) implies the following equilibrium condition to
solve market v:

2κ

f(v)
= (1− ϕ)

[
σsys + σhyh

]
(C.2)

The decision-making process for college major choices involves evaluating the value
of majors and making decisions based on relative costs. The value of choosing a Science
major (Ws) and a Humanities major (Wh) is expressed as:

Ws =
1

2
p(v)ϕys − cs − P (1− τ) (C.3)

Wh =
1

2
p(v)ϕyh − ch − P (1− τ) (C.4)

Individuals choose the Science major if Ws > Wh, and the Humanities major otherwise,
leading to the following break-even condition:

1

2
p(v)ϕ(ys − yh) = c (C.5)

where c = cs− ch. The figure illustrates the college major decision by multidimensional
cost (cs, ch). Notably, only the relative cost of college majors, denoted as c, matters in this
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Figure C.1: College major choice

decision-making process 39.

C.1.1 Social Planner’s Problem

I formulated the problem of a social planner with the objective of maximizing the total
output produced by working science and humanities graduates, net of the total vacancy
posting cost and the cost of college education. The latter is characterized by the summation
of non-pecuniary costs for all individuals in the economy. The planner determines the
number of vacancies, the number of working individuals, and the criteria for college major
decisions. The overall decision of the planner is subject to labor market frictions and the
distribution of relative costs. The optimization problem is formulated as follows:

39Equilibrium college major shares, as depicted in the figure below, are given by σh = (1−c)2

2 and

σs = 1− (1−c)2

2
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max
v,ns,nh,c

{
ysns + yhnh − κv −

∫ 1

c

∫ cs−c

0

ch dch dcs

−
[∫ 1−c

0

∫ c+ch

0

cs dcs dch +

∫ 1

1−c

∫ 1

0

cs dcs dch

]}

s.t.



ns =
1
2
σsf(v)v

nh =
1
2
σhf(v)v

σh =
(1−c)2

2

σs + σh = 1

(C.6)

The following equations characterize the solutions for v∗ and c∗. The detailed deriva-
tions can be found in appendix.

2κ

f(v∗)
= (1− α)

[(
1− (1− c∗)2

2

)
ys +

(1− c∗)2

2
yh

]
(C.7)

1

2
p(v∗)(ys − yh) = c∗ (C.8)

C.1.2 (In)efficiency of College Major Choice

Proposition 1 Suppose ys ̸= yh. There exist no values (ϕ, α) ∈ R2 such that the decentralized
equilibrium (vd, cd) is efficient, meaning (vd, cd) = (v∗, c∗) and vd > 0 simultaneously.

Proof. Suppose, for the sake of contradiction, that there exist (ϕ, α) ∈ R2 such that
(vd, cd) = (v∗, c∗) and vd > 0. Then, from equations (24) and (29), it follows that ϕ = α.
Furthermore, from equations (27) and (30), we have ϕ = 1. Substituting into equation (24),
we obtain 2κ

f(vd)
= 0. Since κ > 0 by assumption, it must be that f(vd) = (vd)−α → 0. This

implies v → 0 for α = 1, which contradicts the assumption that vd > 0.
The idea of the proof is the comparison of the equations solving decentralized economy

(equation 17 and 20) the equations solving Social planner’s problem
The Proposition 1 asserts that the decentralized equilibrium with college major choice

is always inefficient. The standard Hosios condition (Hosios (1990)) (α = ϕ), where the
marginal benefit to the firm from an additional vacancy should be equal to the marginal cost
of the worker, alone is insufficient to ensure the efficiency of a decentralized equilibrium.
The only scenario in which efficiency is achieved is when α = ϕ = 1, indicating that
workers possess all the bargaining power. Yet, this situation results in a degenerate
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equilibrium where v = 0 40.
The underlying intuition is that the college major choice made by workers is not entirely

internalized when the bargaining power is less than one, as a portion of the major’s benefits
flows to the firms. This outcome aligns with the well-established concept of a hold-up
problem, wherein a party in the market bears the cost while others share in the payoff
(Acemoglu and Shimer (1999)).

One fundamental assumption in this simplified model is the equal subsidy across
college majors, denoted as τs = τh = τ . This assumption implies that monetary costs
do not influence individuals’ college major decisions, as they cancel out in the decision-
making process. The next proposition establishes the concept that in the case of a deviation
from constant subsidies across majors, the efficiency of the decentralized economy can be
restored through differential college major subsidies.

Proposition 2 Suppose ys ̸= yh and α = ϕ < 1. There exists (τs, τh) ∈ (0, 1)2 such that
σsτs + σhτh = τ and the implied decentralized equilibrium (vd, cd) is efficient, meaning (vd, cd) =

(v∗, c∗).

Proof. Suppose τh =
σ∗
h

2P
p(v∗)(ys − yh)(1 − ϕ) + τ and τs = τ − σ∗

hτh
σ∗
s

. In decentralized

economy, the break even condition implies

1

2
p(vd)ϕ(ys − yh) + P (τs − τh) = cd

We need to show for given values of τs and τh, the solution of social planner problem
(v∗, c∗) also solves decentralized economy, i.e. equations 24 and 27. Also, we need to show
that these values satisfy σsτs + σhτh = τ .

α = ϕ by assumption, then (v∗, c∗) satisfies equation 24 trivially, since they solve
equation 29. Also, the break even condition implies that

1

2
p(vd)ϕ(ys − yh) + P (τs − τh) = cd ⇒

1

2
p(vd)ϕ(ys − yh) +

1

2
p(v∗)ϕ(ys − yh)(1− ϕ) = cd ⇒

1

2
p(v∗)(ys − yh) = c∗

40The condition ys ̸= yh represents any asymmetry between college majors. In the full model, asymmetries
across other dimensions of college majors, such as different skill contents, distinct distributions of individual
skills, or varying productivities of skills, can play a similar role.
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Proposition 2 suggests that it is possible to rectify the inefficiency resulting from the
hold-up problem by adjusting cross-major subsidies in the opposite direction of private
cost asymmetries. Furthermore, this restoration can be achieved while maintaining the
overall subsidy cost of the social planner at the benchmark level, i.e., σsτs + σhτh = τ .
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D Data Details

D.1 Sample Selection

I exclude individuals who are college dropouts or have only completed two years of
college, so the sample consists solely of individuals with education levels below high
school or those who have earned a four-year college degree. Additionally, those who have
served in the military for more than two years during the survey period are excluded
from the sample. The sample is also limited to individuals with valid occupation codes,
complete ASVAB scores, and accurate college major information. For the labor market
analysis, I adopted a sample selection approach similar to that used by Guvenen et al.
(2020). I focus on individuals who work over 1,200 hours for at least two consecutive
years within the survey period. I exclude those who are only marginally attached to
the labor force—specifically, those who have had multiple periods out of the labor force
before accumulating at least 10 years of employment after starting their careers. I retain
observations if an individual was out of the labor force for just one year or if they worked
for over 10 years before their first period of being out of the labor force.

D.2 Test Scores

ASVAB (Armed Services Vocational Aptitude Battery) ASVAB is a comprehensive
test used by the U.S. military to assess the mental aptitude and vocational strengths of
individuals interested in enlisting. The ASVAB is divided into ten subtests, each designed
to evaluate specific skills and knowledge areas. The main subtests are:

• General Science (GS): Knowledge of physical and biological sciences

• Arithmetic Reasoning (AR): Ability to solve arithmetic word problems

• Word Knowledge (WK): Ability to select the correct meaning of words presented in
context and to identify the best synonym for a given word

• Paragraph Comprehension (PC): Ability to obtain information from written passages

• Mathematics Knowledge (MK): Knowledge of high school mathematics principles

• Electronics Information (EI): Knowledge of electricity and electronics

• Auto Information (AI): Knowledge of automobile technology
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• Shop Information (SI): Knowledge of tools and shop terminology and practices

• Mechanical Comprehension (MC): Knowledge of mechanical and physical princi-
ples

• Assembling Objects (AO): Ability to determine how an object will look when its
parts are put together

The ASVAB scores have been widely used as a proxy for various cognitive abilities. For
instance, Frey and Detterman (2004) report a correlation of 0.82 between SAT scores and
an IQ scale derived from ASVAB results, demonstrating the strong relationship between
ASVAB scores and alternative measures of cognitive ability.

The Rotter Internal-External Locus of Control Scale is a condensed four-item version
of the original 23-item questionnaire derived from Rotter’s(Rotter (1966)) 60-item scale
developed in 1966. This scale assesses the degree to which individuals perceive they have
control over their lives, distinguishing between self-motivation and self-determination
(internal control) versus external factors like chance, fate, or luck (external control). Scoring
on the scale is oriented towards internal control: higher scores indicate a greater belief
in personal control. Respondents are presented with four pairs of statements and are
asked to choose which statement better reflects their views. They then rate how closely
each selected statement aligns with their opinion—whether "much closer" or "slightly
closer." These responses are used to create four-point scales for each paired item, which
are averaged to produce a single Rotter Scale score for each individual.

The Rosenberg Self-Esteem Scale was used during the 1980 interviews. This 10-item
scale, developed by Rosenberg in 1965 (Rosenberg (1965)), is designed to assess self-
approval or disapproval in both adolescents and adults. It is a concise and widely used
tool with substantial evidence supporting its validity and reliability. The scale consists of
10 statements related to self-esteem, and respondents indicate their level of agreement by
choosing from "strongly agree," "agree," "disagree," or "strongly disagree."

D.3 O*NET Occupation Codes

The NLSY dataset uses the Census 1970 three-digit occupation codes before 2000 and
the Census 2000 three-digit codes afterward. I convert all of these to the Census 1990
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three-digit codes for consistency. In the NLSY, individuals report their occupation title for
up to five jobs. For analysis, I use the most frequently observed occupation title reported.

D.4 College Major Classification

Table D.1: College Major Classification

Majors Code
Science and Engineering

Agriculture and Natural Resources 0100
Architecture and Environmental Design 0200
Biological Sciences 0400
Computer and Information Sciences 0700
Engineering 0900
Health Professions 1200
Mathematics 1700
Military Sciences 1800
Physical Sciences 1900
Biological and Physical Sci. 4902
Engineering and Other Disciplines 4904

Business and Economics
Business and Management 0500
Home Economics 1300
Economics 2204

Humanities and Social Sciences
Area Studies 0300
Communications 0600
Education 0800
Fine and Applied Arts 1000
Foreign Languages 1100
Law 1400
Letters 1500
Psychology 2000
Public Affairs and Services 2100
Social Sciences 2200
Theology 2300
General Liberal Arts and Sciences 4901
Humanities and Social Sciences 4903

Notes: This table shows the classification of college majors in NLSY79
data into three broad categories, including field of study codes used
in the NLSY79 codebook. See the link: https://www.nlsinfo.org/
content/cohorts/nlsy79/other-documentation/codebook-supplement/
nlsy79-attachment-4-fields-study
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D.5 Selection into Major: Regression Analysis

I estimate the following regression for the sample of college graduates:

CMij = α + βmmathskillj + βvverbalskillj + βssocialskillj + δcontrolsj + ϵj (D.1)

where CMij is a dummy variable indicating whether individual j attended college major i
(1 if yes, 0 if not). The variables mathskillj , verbalskillj , and socialskillj represent the math,
verbal, and social pre-college abilities of individual j, respectively. The control variables
controlsj include race, sex, and family income.

The results, shown in Table D.2, indicate that ability selection into college majors
persists even after accounting for individual abilities and demographic characteristics. The
first three columns present regression coefficients without demographic controls, while the
next three columns include these controls. The preferred specifications are the last three
columns.

The analysis suggests that, given math and social abilities, a one-unit increase in
math skills increases the probability of choosing an S&E major over other majors by 58.3
percent. Column 6 reveals that a one-unit increase in verbal abilities raises the probability
of choosing an HSS major by 60 percent, whereas a one-unit increase in math abilities
decreases this probability by 79.6 percent. Social abilities do not appear to be significant
for college major choice in any specification.

Table D.2: Regression Results

Dependent Var. S&E B&E HSS S&E B&E HSS
Math 0.569∗∗∗ 0.258 -0.827∗∗∗ 0.583∗∗∗ 0.214 -0.796∗∗∗

(0.171) (0.170) (0.178) (0.153) (0.158) (0.166)

Verbal -0.213 -0.421∗ 0.634∗∗ -0.130 -0.471∗ 0.600∗∗

(0.179) (0.200) (0.209) (0.181) (0.187) (0.196)

Social 0.018 -0.095 0.077 0.004 -0.082 0.079
(0.115) (0.113) (0.123) (0.100) (0.104) (0.109)

Demographic Controls No No No Yes Yes Yes
Observations 767 767 767 767 767 767

Notes: This table displays the results of the regression in Equation D.1 with and without
controls. Each column uses a dummy variable for the stated major as the dependent
variable. Standard errors are shown in parentheses. S&E, B&E, and HSS denote Science and
Engineering, Business and Economics, and Humanities and Social Sciences, respectively.
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D.6 College Major Premium and Shares

I use pooled data from the American Community Survey (ACS) between 2009 and 2019 to
calculate college premiums by major and the shares of college graduates across different
majors. The analysis focuses on individuals of working age, specifically between 25 and
64 years old, and only includes wage workers who are employed full-time, defined as
working more than 30 hours per week for at least 40 weeks in the year. The final sample
consists of approximately 11 million observations. All hourly wages are converted to 2019
prices using the CPI index.

To calculate the college major premium, I adopt a regression framework similar to that
used in the literature for estimating the overall college premium (see for example (Valletta
(2018)):

log(ωi) = Xiβ + Siθ + ϵi

In this equation, Xi represents a set of demographic controls, including dummy vari-
ables for seven age groups, three racial/ethnic groups (White, Black, and Others), marital
status, and geographic location. The term Si denotes the college major, where a value of 0
is assigned to non-college individuals, and ωi represents the hourly wage.

The figure shows the college premium for overall college graduates, three broad college
major categories, and selected individual majors. The overall college premium is 0.56,
consistent with previous findings in the literature. The college premium for the three broad
major groups used in this paper is as follows: 0.71 for Science and Engineering, 0.61 for
Business and Economics, and 0.43 for Humanities and Social Sciences. All premiums are
calculated relative to the earnings of non-college individuals. For example, Science and
Engineering graduates earn 71% higher hourly wages than non-college individuals, after
controlling for demographic factors.

The figure also presents the share of each major’s graduates among college graduates
across different age groups. The main observation is that the major composition of college
graduates remains stable across cohorts over time. Humanities and Social Sciences have
the largest share, at almost 43% (16% of the total population). Science and Engineering
graduates follow with 33% (12% of the population), and Business and Economics graduates
account for 24% (9% of the population).
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Figure D.1: College Premium
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Notes: This figure displays the college premium for overall college graduates (dark blue
bars), three broad college major categories (blue bars), and selected individual majors
(light blue bars). The x-axis represents the log-point difference in earnings relative to the
non-college group.

Figure D.2: Major Composition of College Graduates
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Notes: The figure shows the share of each major’s graduates among college graduates
across different age groups.

74



D.7 A Subjective Measure of Skill Mismatch

The National Survey of College Graduates (NSCG) is a survey conducted by the U.S.
Census Bureau that provides detailed information about the educational and employment
experiences of college graduates in the United States. For this analysis, I pooled data from
the 2013, 2015, 2017, and 2019 waves, resulting in a sample size of over 90,000 respondents.
The NSCG offers very granular information on college majors. To align the NSCG college
major categories with those used in the American Community Survey (ACS), I utilized the
crosswalk described in Altonji, Kahn, and Speer (Altonji et al.).

All respondents were asked the following question: "To what extent was your work on
your principal job related to your highest degree?" They could choose from three options:
Closely related, Somewhat related, and Not related. The table presents the share of responses in
each broad college major category, as well as for some selected individual college majors.

Only 53% of college graduates report that their job is closely related to their college
degree. This figure rises to 65% for Science and Engineering graduates and drops to 43%
for Humanities and Social Sciences graduates, aligning with the differential exposure to
skill mismatch in the job market, as discussed in Section 4.3.

Table D.3: College major - Job Mismatch

Closely
Related (%)

Somewhat
Related (%)

Not
Related (%)

Science and Engineering 65 23 12
Nursing 87 9 4
Electrical Engineering 59 32 9
Business and Economics 51 29 20
Economics 39 39 22
Business Management 43 37 20
Humanities and Social Sciences 43 31 26
History 39 24 37
Fine Arts 51 22 27
All Sample 53 27 20

Notes:The table shows the distribution of responses to the question "To what extent was
your work on your principal job related to your highest degree?" in the pooled NSCG
sample for the years 2013, 2015, 2017, and 2019.
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E Algorithm

Let n and m denote the number of grid points for each dimension of ability and each
dimension of job requirements, respectively. The matrix i(a) is a n3× 4 matrix representing
the share of individuals in each education option for their given ability a. Assume that
gw(h) = h(g(a), i(a)) is the 4n3-dimensional vector of the distribution of human capital,
which is a by-product of the distribution of initial abilities and the education choice policy
function. Additionally, I denote the distribution of active matches as gm(h, r) and the
match-specific surplus as S(h, r), both of which are 4n3 ×m3-dimensional. The acceptance
rule A(h, r) can then be defined as:

A(h, r) =

1 if S(h, r) ≥ 0

0 if S(h, r) < 0
(E.1)

The sketch of the solution algorithm is as follows:

1. Set the parameter values and the initial distribution of abilities g(a). Compute the
output value y(h, r) and the disutility of overqualification g(h, r). Assign random
initial values for i(a), gm(h, r), gv(r), and S(h, r), denoting them as i0, gm,0, gv,0, and
S0, respectively.

2. Calculate gu,0 and U0 based on the definitions in Table 1. Then, given S0, gv,0, and gu,0,
update gm,0 to gm,1 using Equation 25.

3. Find A0 (equation E.1). For given densities, update S0 as S1 by using equation 23.

4. Solve Equation 25 to update gv and V .

5. Check the convergence conditions for A and gm:

4n3∑
i=1

m3∑
i=1

|Aij1 − Aij0 |

/
4n3∑
i=1

m3∑
i=1

Aij0 < tol1

4n3∑
i=1

m3∑
i=1

|gijm,1 − gijm,0|

/
4n3∑
i=1

m3∑
i=1

gijm,0 < tol1

6. If the conditions above are satisfied, proceed to the next step; otherwise, return to
step 2 and update the initial values as gm,0 = gm,1, S0 = S1, and gv,1 = gv,0.
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7. Calculate Vu for the given gm,1 and S1 using equation 19. Then, solve equation 5 to
update the education choice policy function i1.

8. Check the convergence condition for i.

n3∑
i=1

|ii1 − ii0| ∗ gia < pol_exit

9. If the above condition is satisfied, save the results; otherwise, return to step 1 and
update the initial value as i0 = i1.

The algorithm finds the fixed point for matched jobs, the surplus function, and the
policy function for education choice. The steps for finding the fixed point of gm and S

closely follow Hagedorn et al. (2012).
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F Additional Tables and Figures

Table F.1: Externally Calibrated Parameters

Parameter Definition Value Source
β Discount factor 0.99 4% anual interest rate
δ Seperation rate 0.1 Shimer (2005)
ρ probability of retirement 0.00625 Av. 40 years of working life
ψ Worker’s bargaining power 0.72 Shimer (2005)
α Matching elasticity 0.72 Hosios condition
b Flow utility of unemp. 0.4 Shimer(2005)
p Pecuniary cost of college 9.75 ∗ ω College Board (2022)
τ College subsidy rate 0.43 College Board (2022)

Notes: This table presents a list of externally calibrated parameters, along with their
corresponding values and sources.
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Table F.2: Targeted Subsidies and Skill Composition-Additional Results

100% Drop 75% Drop 25% Drop
Targeted S&E B&E HSS S&E B&E HSS S&E B&E HSS
Subsidies
τS&E 0 0.43 0.43 0.1075 0.43 0.43 0.215 0.43 0.43
τB&E 0.43 0 0.43 0.43 0.1075 0.43 0.43 0.215 0.43
τHSS 0.43 0.43 0 0.43 0.43 0.1075 0.43 0.43 0.215

Non-college
math 1.33 0.86 0.62 1.03 0.67 0.49 0.71 0.46 0.34
verbal 1.04 0.67 1.25 0.80 0.52 0.97 0.55 0.36 0.67
social 0.23 0.17 0.14 0.18 0.13 0.11 0.12 0.09 0.08

S&E
math 0.16 0.02 -0.05 0.13 0.01 -0.04 0.09 0.01 -0.02
verbal 0.07 -0.05 0.09 0.06 -0.04 0.07 0.04 -0.02 0.05
social -0.16 -0.05 -0.12 -0.13 -0.04 -0.09 -0.09 -0.03 -0.06

B&E
math 0.27 0.06 -0.05 0.21 0.05 -0.04 0.15 0.03 -0.02
verbal 0.17 -0.02 0.17 0.13 -0.02 0.13 0.09 -0.01 0.09
social -0.11 -0.04 -0.12 -0.08 -0.03 -0.09 -0.05 -0.02 -0.06

HSS
math 0.85 0.47 -0.81 0.66 0.36 -0.62 0.45 0.25 -0.42
verbal 0.17 0.09 -0.07 0.13 0.07 -0.06 0.09 0.05 -0.04
social 0.02 0.03 -0.26 0.02 0.03 -0.20 0.01 0.02 -0.14

All
math -2.33 -1.66 0.30 -1.79 -1.29 0.24 -1.23 -0.89 0.17
verbal -0.04 -0.14 -3.09 -0.03 -0.11 -2.38 -0.02 -0.07 -1.63
social -0.73 0.12 -0.63 -0.56 0.09 -0.49 -0.39 0.06 -0.33

25% Increase 50% Increase 100% Increase
Targeted S&E B&E HSS S&E B&E HSS S&E B&E HSS
Subsidies
τS&E 0.5375 0.43 0.43 0.7525 0.43 0.43 0.86 0.43 0.43
τB&E 0.43 0.5375 0.43 0.43 0.7525 0.43 0.43 0.86 0.43
τHSS 0.43 0.43 0.5375 0.43 0.43 0.7525 0.43 0.43 0.86

Non-college
math -0.39 -0.26 -0.20 -1.23 -0.84 -0.65 -1.69 -1.17 -0.91
verbal -0.30 -0.20 -0.37 -0.97 -0.67 -1.18 -1.33 -0.92 -1.63
social -0.07 -0.05 -0.05 -0.22 -0.17 -0.15 -0.31 -0.23 -0.22

S&E
math -0.05 -0.01 0.01 -0.16 -0.02 0.03 -0.22 -0.03 0.04
verbal -0.02 0.01 -0.03 -0.08 0.04 -0.10 -0.11 0.05 -0.14
social 0.04 0.01 0.03 0.14 0.05 0.11 0.18 0.06 0.14

B&E
math -0.08 -0.02 0.01 -0.26 -0.06 0.03 -0.36 -0.09 0.04
verbal -0.05 0.00 -0.05 -0.17 0.01 -0.18 -0.24 0.01 -0.25
social 0.03 0.01 0.03 0.08 0.04 0.10 0.10 0.05 0.14

HSS
math -0.25 -0.14 0.22 -0.80 -0.47 0.68 -1.10 -0.65 0.92
verbal -0.05 -0.03 0.02 -0.16 -0.09 0.06 -0.22 -0.12 0.08
social -0.01 -0.01 0.07 -0.03 -0.04 0.22 -0.05 -0.05 0.30

All
math 0.66 0.49 -0.10 2.08 1.58 -0.31 2.84 2.18 -0.43
verbal 0.01 0.04 0.87 0.04 0.13 2.74 0.05 0.18 3.73
social 0.21 -0.04 0.18 0.65 -0.11 0.55 0.89 -0.15 0.75

Notes: This table is analogous to Table 7 in the main text. It shows the percentage change
in average skills across each skill dimension for each educational group relative to the
benchmark. The columns in the top panel show the results for a 100%, 75%, and 25% drop
in the targeted major’s subsidy rate, while the subsidy rates for other majors are kept fixed
at the benchmark level. The columns in the bottom panel show the results for a 100%,
75%, and 25% increase in the targeted major’s subsidy rate. S&E, B&E, and HSS denote
Science and Engineering, Business and Economics, and Humanities and Social Sciences,
respectively.
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Table F.3: Targeted Subsidies and Earnings-Additional Results

100% Drop 75% Drop 25% Drop
Targeted S&E B&E HSS S&E B&E HSS S&E B&E HSS
Subsidies

S&E 0 0.43 0.43 0.1075 0.43 0.43 0.3225 0.43 0.43
B&E 0.43 0 0.43 0.43 0.1075 0.43 0.43 0.3225 0.43
HSS 0.43 0.43 0 0.43 0.43 0.1075 0.43 0.43 0.3225

Earnings(∆ %) -0.82 -0.30 -0.65 -0.63 -0.23 -0.50 -0.22 -0.08 -0.17
S&E 0.89 0.62 0.73 0.69 0.48 0.57 0.25 0.17 0.20
B&E -0.01 -0.01 -0.02 -0.01 -0.01 -0.02 0.00 0.00 -0.01
HSS 0.04 0.01 -0.03 0.03 0.01 -0.03 0.01 0.00 -0.01
Non-college 0.20 0.14 -0.25 0.16 0.11 -0.19 0.05 0.04 -0.07

Col. prem.(∆ pp.)
S&E -1.58 -1.10 -1.32 -1.22 -0.86 -1.03 -0.44 -0.31 -0.38
B&E -1.36 -0.97 -1.22 -1.05 -0.76 -0.95 -0.37 -0.27 -0.34
HSS -1.05 -0.72 -1.49 -0.82 -0.57 -1.16 -0.29 -0.20 -0.42

25% Increase 75% Increase 100% Increase
Targeted S&E B&E HSS S&E B&E HSS S&E B&E HSS
Subsidies

S&E 0.5375 0.43 0.43 0.7525 0.43 0.43 0.86 0.43 0.43
B&E 0.43 0.5375 0.43 0.43 0.7525 0.43 0.43 0.86 0.43
HSS 0.43 0.43 0.5375 0.43 0.43 0.7525 0.43 0.43 0.86

Earnings(∆ %) 0.23 0.09 0.18 0.73 0.28 0.54 0.98 0.38 0.74
S&E -0.26 -0.19 -0.23 -0.84 -0.61 -0.75 -1.17 -0.86 -1.03
B&E 0.00 0.00 0.00 -0.01 0.00 0.00 -0.02 0.00 0.01
HSS -0.01 0.00 0.01 -0.05 -0.01 0.01 -0.08 -0.02 0.01
Non-college -0.06 -0.05 0.07 -0.19 -0.14 0.20 -0.28 -0.21 0.28

Col. prem.(∆ pp.)
S&E 0.46 0.33 0.41 1.49 1.09 1.33 2.06 1.52 1.85
B&E 0.40 0.30 0.38 1.28 0.97 1.23 1.77 1.35 1.69
HSS 0.31 0.22 0.45 1.00 0.72 1.46 1.38 1.00 2.02

Notes: This table is analogous to Table 8 in the main text. the percentage change in earnings
and percentage point changes in college premium. The columns in the top panel show
the results for a 100%, 75%, and 25% drop in the targeted major’s subsidy rate, while
the subsidy rates for other majors are kept fixed at the benchmark level. The columns
in the bottom panel show the results for a 100%, 75%, and 25% increase in the targeted
major’s subsidy rate. S&E, B&E, and HSS denote Science and Engineering, Business
and Economics, and Humanities and Social Sciences, respectively. College premium is
calculated relative to non-college earnings.
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Figure F.1: Joint Distribution of Pre-college Abilities
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Notes: Source: NLSY79 and O*NET. This figure presents the data histograms (top) and the
estimated marginal joint PDFs (bottom) for pre-college abilities across each pair: verbal-
math, social-math, and social-verbal. The joint probability distributions are estimated
non-parametrically using the kernel density method, from which the cross-joint marginal
PDFs are calculated.
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Figure F.2: Distribution of Skill Mismatch by Education Group: Model vs. Data

1.0 0.5 0.0 0.5 1.0
0

2

No
n-

co
lle

ge

Math

1.0 0.5 0.0 0.5 1.0

Verbal

1.0 0.5 0.0 0.5 1.0

Social

1.0 0.5 0.0 0.5 1.0
0

2

HS
S

1.0 0.5 0.0 0.5 1.0 1.0 0.5 0.0 0.5 1.0

1.0 0.5 0.0 0.5 1.0
0

2

B&
E

1.0 0.5 0.0 0.5 1.0 1.0 0.5 0.0 0.5 1.0

1.0 0.5 0.0 0.5 1.0
0

2

S&
E

1.0 0.5 0.0 0.5 1.0 1.0 0.5 0.0 0.5 1.0

Data Model

Notes: This figure compares the distribution of skill mismatch between individuals’ human
capital and the requirements of their jobs for each educaton group and skill dimension. Skill
mismatch is measured as the rank difference between each skill and the job requirements,
as defined in Section 3.4.3. S&E, B&E, and HSS denote Science and Engineering, Business
and Economics, and Humanities and Social Sciences, respectively.
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Figure F.3: The Role of Pre-college Abilities - Additional Results
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Figure F.4: This figure shows the effect of pre-college abilities on the composition of college
graduates, output, and welfare. The x-axis shows the percentage change in initial abilities
across relevant skill dimension in each columns. A value of 0 represents the benchmark
economy, while a value of 10 represents a scenario where initial abilities of the relevant
dimension for all individuals increase by 10 percent.
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