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Abstract
How do financial frictions affect human capital investments and labor market trajectories? To study this question, I build a novel dataset covering more than 700,000
U.S. students, merging commencement records and professional resumes. I use the
staggered implementation of universal no-loan policies across 22 universities from 2001
to 2019 as a source of quasi-random variation in student debt. I find that financial
frictions affect human capital investments across two dimensions. First, student debt
affects an intertemporal trade-off between current and future income: Students with
higher student debt choose career paths associated with higher initial earnings and
lower earnings “slopes.” Second, student debt differentially affects students depending
on their family backgrounds: Students who grew up in low-income families display
greater sensitivity to changes in student debt. Combined, these findings highlight the
role of financial frictions and dynamic life-cycle trade-offs in labor markets.
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Introduction

Human capital investments are some of the most important decisions individuals make.
This includes both the decision of whether to invest in human capital and the specific type of
human capital to invest in. As the U.S. economy shifts from manufacturing to services, the
return to specific types of human capital rises (Autor, 2014; Deming, 2017). The primary
process through which individuals invest in specific types of human capital is through their
choice of college major (Hemelt et al., 2021), and there are large variations in earnings across
different college majors.1 In fact, differences in earnings across college majors are often much
greater than the average earnings gap between high school and college graduates (Altonji
et al., 2012).2
At the same time, investing in human capital is increasingly expensive. Since 1980, tuition
for four-year college has risen at five times the rate of inflation, and the majority of students
rely of student loans to finance their investment (Dynarski et al., 2018). The rising cost
presents financial barriers, especially for students from low-income families. And while the
federal government offers billions of dollars each year in the form unsubsidized and subsidized
loans—which has helped increase college attendance—there still exists a prominent earnings
gap between college graduates from low- and high-income families (Bartik and Hershbein,
2018).3 To design better policies for allocation of student loans and financial aid we need to
ask: How do financial frictions affect the type of human capital investments? And how do
the effects vary across the income distribution?
In this paper, I study how student loans affect the choice of college major and subsequent
labor market outcomes. Specifically, I analyze how student loans affect human capital investments along a dynamic trade-off. First, I document that, through their choice of college
majors and initial occupations, students trade off early-career earnings against higher earnings growth and higher lifetime earnings. For example, majors such as Nursing and Teaching
lead, on average, to relatively high initial earnings after college, but low earnings growth,
and, consequently, low lifetime earnings. On the other hand, Biology and other Pre-Medicine
related majors on average lead to low initial earnings after college, but high earnings growth
and high lifetime earnings. Second, using a novel panel dataset and a quasi-experimental
source of variation in financial aid, I estimate how changes in financial aid, via their influence
on students’ choices, affect outcomes along multiple dimensions. Specifically, for each major,
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Even among students at the same institution and with similar pre-collegiate academic achievement.
For more studies on earnings difference across college majors, see, for example, Arcidiacono (2004),
Hamermesh and Donald (2008), Altonji et al. (2012), Andrews et al. (2017), and Andrews and Stange
(2019).
3
Bachelor’s degree holders from low-income backgrounds start their careers earning about two-thirds as
much as those from higher-income backgrounds, but this ratio declines to one-half by mid-career.
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I calculate mean lifetime earnings, variation in earnings, and slope in earnings. I then map
these characteristics to my data.
The main result of this paper is that financial aid affects dynamic trade-offs in human
capital investments. I find that students who receive more financial aid are more likely to
choose college majors and occupations with (1) higher mean earnings, (2) higher earnings
risk, and (3) higher earnings growth. For example, students who receive more aid are more
likely to choose to study biology, to go to medical school and become doctors, or to become
entrepreneurs. These findings suggest that the dispersion of estimates in the previous literature is not due solely to empirical challenges. In particular, they indicate that higher student
debt can lead to both higher and lower earnings at different points in a student’s career.
To infer the causal effect of financial aid, I exploit the staggered implementation of
a specific type of financial aid policy called a universal no-loan policy (UNLP), which was
adopted by 22 universities in the U.S. between 2001 and 2018. To measure career trajectories,
I have built a panel dataset with yearly individual-level outcomes for more than one million
U.S. students. The dataset combines records from undergraduate commencement programs
for all institutions that implemented a UNLP with data from an online professional resume
database. It includes detailed observations of higher education, career trajectory, job types,
and skills. (In ongoing work, I am also merging the dataset with individual credit bureau
records.)
To study the distributional consequences, I ask whether student debt differentially affect
students depending on their family backgrounds. Most of the previous literature studies the
effects of student debt for the average student. However, students’ investments in human
capital are often at least partially financed by their parents, and it is natural to assume
that the parents’ financial wealth can act as a credit constraint. Moreover, financial aid
is a scarce resource. While estimates for the average student can serve as an argument to
increase financial aid overall, such estimates do not address the more complex and pressing
problem of how best to allocate financial aid. Instead, to design better allocation policies we
need to ask: Who is most constrained by student debt? The answer is not obvious a priori.
For example, students from the poorest families may already qualify for full tuition waivers,
while students from the richest families may rely on their parents to fund their education.
In this case, students from the middle of the income distribution would be likely to display
the largest response to changes in student loan policies.
My research design has four empirical advantages. First, the staggered implementation
of UNLPs over 18 years alleviates the risk of contemporaneous shocks. Second, UNLPs lead
to substantial variation in financial aid and student debt, providing a strong first stage.4
4

For example, Rothstein and Rouse (2011) find that upon implementation of a UNLP at one university,
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Third, UNLPs are implemented for a broad sample of students at an early stage of life.
Importantly, the implementation happens before large human capital decisions are made.
My experiment is thus relevant to current policy proposals on free tuition, income share
agreements, and expansion of financial aid for colleges.5 Finally, my data sample includes
more than one million students, which allows me to obtain reliable estimates of how the
effects vary across sub-samples.6
This paper relates to a number of strands in the literature. First, it builds on several
papers that study the effect of student debt on real outcomes (Rothstein and Rouse, 2011;
Avery and Turner, 2012; Looney and Yannelis, 2015). As discussed above, many papers
have particularly focused on how student debt affects wage earnings. For example, in a
related study, Rothstein and Rouse (2011) consider the one-off implementation of a UNLP
at Princeton University, analyzing its effect on the probability of students’ taking highersalary jobs.7 Other studies have examined the effects of student debt on school enrollment
and drop-out rates (Fos et al., 2017; Bettinger, 2004), marriage (Gicheva, 2016), business
creation (Krishnan and Wang, 2018; Krishnan and Wang, 2019), home ownership (Houle
and Berger, 2015), and job amenities (Luo and Mongey, 2019).
Second, this paper adds to recent work on the effects of financial aid reforms (Field, 2009;
Chakrabarti et al., 2017). More broadly, it continues a longstanding literature examining the
economic returns on education (Angrist and Krueger, 1991; Cameron and Heckman, 2001;
Hoekstra, 2009; Carneiro et al., 2011; Zimmerman, 2014; Canaan and Mouganie, 2018; Ost
et al., 2018; Anelli, 2020).
Third, this paper contributes to an extensive body of work on the determinants of entrepreneurship. The evidence mostly suggests that wealth is positively correlated with entrepreneurship and innovation, which is consistent with the view that entrepreneurs face
the typical amount of student loan debt at graduation fell by over $11,000, from over $15,000 before the
UNLP was implemented to $4,000 afterward. This is in contrast to Fos et al. (2017), who use tuition changes
as an instrument for student debt for a sample of schools where the average tuition change is between $600
and $700. In their first stage, they find that a $1,000 increase in tuition raised student debt by $70 (Fos
et al., 2017, p. 15).
5
In contrast, Di Maggio et al. (2019) study low-income individuals (with average monthly income $2000)
whose student debt is expunged at a later age (age 35 on average) (Di Maggio et al., 2019, p. 3, p. 49).
6
For example, one closely related paper is Chapman (2016), which studies the impact of financial aid on
earnings and reports the findings by bins of family income. However, the author does not find any statistical
differences across the family income distribution. As mentioned in the paper, this is likely due to the small
sample size and the fact that the income distribution in the sample differs significantly from the national
average.
7
I assume that the university studied in Rothstein and Rouse (2011) is Princeton: “Anon U is one of
the most selective, expensive colleges in the country, and it admits only the most academically qualified
students.” Tellingly, “Anon U” implemented a no-loan policy (NLP) for low-income students in 1998 and
an NLP for all students in 2001. To my knowledge, Princeton is the only university that implemented these
specific NLPs in these precise years.
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liquidity constraints.8 Evans and Jovanovic (1989) and Evans and Leighton (1989), using
data from the National Longitudinal Survey of Youth and the Current Population Survey,
and Quadrini (2000), using data from the Panel Study of Income Dynamics and the Survey
of Consumer Finances, all find a positive relationship between wealth and entrepreneurship.
Consistent with this view, Bell et al. (2019) find that children from high-income (top-1%)
families are 10 times as likely to become inventors as those from families with below-median
income. Bartik and Hershbein (2018) find that higher family income in high school is associated with a higher earnings premium of college, and that the difference is driven by
differential access to the right tail of the earnings distribution.9
Fourth, my project relates to a broader literature studying the effects of wealth and
liquidity on labor market outcomes. Shocks to wealth and liquidity from mortgage and
household debt have been shown to affect entrepreneurial activity (Adelino et al., 2015;
Schmalz et al., 2017), job search (Brown and Matsa, 2016), and labor supply (Bernstein,
2017; Donaldson et al., 2019). Using credit bureau data similar to that of this paper, and a
shift-share research design, Chakrabarti et al. (2017) study the effects of state appropriations
for higher education on credit market outcomes such as student loans, credit scores, car loans,
and mortgages. Sun and Yannelis (2016) find that banking deregulation increased college
enrollment.
The remainder of this paper is organized as follows. In Section 2, I describe the theoretical
framework that guides the empirical analysis. Section 3 provides institutional background on
U.S. financial aid and loan repayment programs, and Section 4 discusses the data sources and
methods used to measure characteristics of majors. Section 5 outlines the empirical research
design. Section 6 presents estimates of the effects of financial aid policies on educational and
occupational choices. Finally, Section 7 contains concluding remarks.

2

Conceptual Framework

In this section, I describe in three steps the theoretical framework that guides my empirical tests of the effects of student debt on career trajectories. First, I set up a standard
buffer-stock consumption–savings model for the problem that a student faces when choosing
a college major. I then derive the closed-form solution for the model. Finally, guided by the
model, I outline the implications for the empirical tests.
8

A notable exception is Hurst and Lusardi (2004), who find no relationship between wealth and business
entry over most of the wealth distribution.
9
Other determinants of entrepreneurship and job creation include regulations (Klapper et al., 2006), the
existence of young, high-growth firms (Decker et al., 2014, 2016), labor mobility (Jeffers, 2017), team-specific
capital (Jaravel et al., 2018), and cognitive and non-cognitive skills (Humphries, 2018).
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2.1

Model

The model is a standard buffer-stock model, where a student i chooses her job j and her
savings a1 to maximize utility from consumption subject to a per-period budget constraint
and a borrowing constraint. There are two periods: t ∈ {0, 1}. The period t = 0 corresponds
to the first five years of the student’s career after college, and t = 1 corresponds to the rest of
her career. The student chooses between two jobs j ∈ {0, 1}, where j = 0 represents a lowskilled job that any college graduate could fill without further investment in human capital,
and j = 1 represents a high-skilled job that requires additional human capital investments.
For tractability, I assume that utility is logarithmic, that there is no discounting, that there
is student debt repayment in the first period only, and that the borrowing constraint is zero.
The problem faced by the student is then
max ln(c0 ) + ln(c1 )
j,a1

a1 = (y0 − c0 − di − jθi ) and a1 ≥ 0,

s.t.

(1)

where ct denotes consumption, and a1 denotes liquid assets that earn a per-period interest
of r and are subject to a borrowing constraint of 0. The term di denotes the student debt
payments; the superscript i indicates that di varies exogenously across students.
For simplicity, I assume that there is no uncertainty, and that the two jobs have the same
job amenities. This means that if the student chooses the low-skilled job, j = 0, then she
pays no investment cost in the first period, and her wage in the second period is w0 . If she
chooses the high-skilled job, j = 1, then she pays an investment cost of θi in the first period,
and her wage in the second period is w1 .
For tractability, I assume that θi > 0, w1 > w0 , and (1 + r)y0 < w0 . This ensures that the
low-skilled job has a higher wage in the first period, that the high-skilled job has a higher
wage in the second period, and that the credit constraint is binding. Finally, I assume that
y0 > di to ensure positive consumption.
We can now solve the model in closed form. The solution is characterized by the following
threshold condition: The student will choose to invest θi to get the high-skilled job, j = 1,
if and only if
i

θ <



w1 − w0
w1



(y0 − di ).

(2)

The inequality (2) states that the optimal choice of j ∗ depends on the relative wage difference
w1 − w0 , the initial resources y0 , the investment cost θi , and the amount of student debt di .
Furthermore, we see that the probability of choosing j = 1 (i.e., investing in human capital
and getting the high-skilled job) is increasing with respect to relative wage difference and
6

initial resources, and decreasing with respect to investment cost and the amount of student
debt:




θi , |{z}
di  .
j ∗ = j w1 − w0 , y0 , |{z}
| {z } |{z}
+

2.2

+

−

(3)

−

Accounting for Wage Uncertainty

This model is similar to the one above, except there is time-discounting and uncertainty
over the wages in the first period. As before, there are two periods: t ∈ {0, 1}. The period
t = 0 corresponds to the first five years of the student’s career after college, and t = 1
corresponds to the rest of her career. The student chooses between two jobs j ∈ {0, 1},
where j = 0 represents a low-skilled job that any college graduate could fill without further
investment in human capital, and j = 1 represents a high-skilled job that requires additional
human capital investments.
Relative to the benchmark model, I now take into account a discount rate β, and the
wages are uncertain. Specifically, the low-skilled job has a wage of w0H with probability π0
and a wage of w0L with probability 1 − π0 , where w0H > w0L . Similarly, the high-skilled
job has a wage of w1H with probability π1 and a wage of w1L with probability 1 − π1 , where
w1H > w1L .
The maximization problem is then
max ln(c0 ) + βE[ln(c1 )]
j,a1

s.t.

a1 = (y0 − c0 − di − jθi ) and a1 ≥ 0.

(4)

The budget constraint can be described as the consumption choices given each choice and
each state of the world:
c0 = y0 − Di − jθi − a1 ;
if j = 0, w. prob. π0 :

c1 = w0H + a1 (1 + r);

w. prob. 1 − π0 :

c1 = w0L + a1 (1 + r);

if j = 1, w. prob. π1 :

c1 = w1H + a1 (1 + r);

w. prob. 1 − π1 :

c1 = w1L + a1 (1 + r).

We can now solve the model in closed form. The solution is characterized by the following
threshold condition: The student will choose to invest θi to get the high-skilled job, j = 1,

7

if and only if
β(1−π1 )

θi ≤ (y0 − di )

βπ1
w1,H
w1,L

β(1−π0

βπ0
− w0,H
w0,L

βπ1 βπ1
w1,H
w1,L

)

.

(5)

The inequality (5) states that the optimal choice of j ∗ depends on the initial resources y0 , the
investment cost θi , the amount of student debt di , and the relative wage difference scaled
by their probabilities. Furthermore, we see that the probability of choosing j = 1 (i.e.,
investing in human capital and getting the high-skilled job) is increasing with respect to
initial resources, and decreasing with respect to investment cost and the amount of student
debt:




j ∗ = j  y0 , |{z}
θi , |{z}
di  .
|{z}
−

+

2.3

(6)

−

Empirical Hypotheses and Discussion

From the benchmark model, I can present my three empirical hypotheses. The first two
hypotheses test the average effects of student debt and family characteristics on job choices,
whereas the third hypothesis tests the heterogeneous effects of student debt across family
characteristics.
For the first hypothesis, we draw on the empirical relationship that high-skilled jobs
have (a) higher average lifetime earnings, (b) higher variability in earnings, and (c) higher
earnings growth.
We then notice that from Equations (5) and (6), higher student debt leads to a more
restrictive condition for the investment choice; in other words, the derivative of j with respect
∂j
to di is negative: ∂d
i < 0. Hypothesis 1 tests this relationship in the data:
Hypothesis 1 (H1.A): Higher student debt decreases the probability of choosing a job
with higher average earnings.
Hypothesis 1 (H1.B): Higher student debt decreases the probability of choosing a job
with more variable earnings.
Hypothesis 1 (H1.C): Higher student debt decreases the probability of choosing a job
with a steep earnings path.

8

For the next hypothesis, notice that from Equations (2) and (3), a higher investment
cost leads to a more restrictive threshold; that is, the derivative of j with respect to θi is
∂j
negative: ∂θ
i < 0. Hypothesis 2 tests this relationship in the data:
Hypothesis 2 (H2): Students’ average job choices (e.g. whether they choose jobs with flat
or steep earnings paths) differ across family characteristics such as their parents’ incomes,
assets, credit scores, and debt-to-income ratios.
For the third and final hypothesis, I ask: Does the effect of student debt on job choices
differ based on family characteristics? In terms of the model, I am estimating the cross2j
derivative, ∂d∂i ∂θ
i.
Hypothesis 3 (H3): The effect of student debt on job choices varies with the demographic
and financial characteristics of the student and her parents.
Testing H3 is the main contribution of this paper. Although no consensus exists yet,
there is already a nascent literature studying the effects of student debt on labor choices
(H1) and the variation of labor choices across family characteristics (H2). In this project
I go further, studying not just the effects of student debt for the average student, but also
how these effects vary with family characteristics.
Importantly, note that H3 is two-sided. In other words, I have not taken a stand on
whether the cross-derivative between student debt and family characteristics is positive,
negative, or even monotonic. It is theoretically unclear whether the costs (and benefits) of
investing in human capital are higher for high-income or low-income families. Recall that
the choice of job j occurs simultaneously with the consumption choice c. One extra dollar
of student debt can mean either less consumption or less investment in human capital:
∂j
∂di
|{z}

∂c
∂di
|{z}

Marginal propensity to consume (MPC)

Marginal propensity to invest (MPI)

There is a longstanding literature on household finance examining the marginal propensity to consume (MPC).10 A key result in this literature is that the MPC covaries positively
with credit constraints (Johnson et al., 2006; Jappelli and Pistaferri, 2014; Baker, 2018).
10

Going back, at least, to Friedman (1957) and Hall (1978), economists have studied how changes in
income affect consumer spending. Seminal theoretical work by Deaton (1991) and Carroll (1997) emphasizes
the role of borrowing constraints, and a large empirical literature has identified certain spending responses
to predictable changes in income (Zeldes, 1989; Parker, 1999; Souleles, 1999; Agarwal et al., 2007; Di Maggio
et al., 2017; Baker and Yannelis, 2017). See Jørring (2020) for a recent review.
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For example, low-income households with few liquid assets or high credit card debt display
higher MPCs. On the other hand, it is not obvious that the same is true for the marginal
propensity to invest (MPI). For example, if human capital is a luxury good, then we might
expect that a student from a wealthy family is more likely to invest in human capital when
she receives more financial aid, and that a student from a low-income family might have
a high MPC and choose to consume the extra financial aid rather than invest it. That is,
it is theoretically ambiguous whether the MPI is increasing or decreasing with respect to
household income:
?
∂MPI
≶ 0.
∂household income

∂MPC
< 0;
∂household income

In sum, the model of Subsection 2.2 provides a theoretical framework that guides my
empirical tests. The model highlights that both student debt and exogenous investment
costs may lead students to choose careers with higher initial earnings and lower earnings
growth. Furthermore, and critically for this project, the model highlights that the effects of
student debt depend on the costs (and benefits) of investing in human capital. And these
costs might vary substantially across the student population.

3

Institutional Background

In this section, I briefly describe how U.S. universities commonly provide financial aid to
students.
Over the past decades, many U.S. universities have increased the availability of financial
aid in an effort to lower the burden of student loans and allow disadvantaged students access
to higher education. Broadly, the increase in financial aid has been made available through
five types of policies: student loan eliminations, student loan caps, parental contribution
eliminations, tuition waivers, and Pell Grant matches. In this project, I focus primarily on
student loan eliminations—colloquially known as no-loan policies (NLPs).
In general, financial aid packages are structured as follows. When applying for college,
and each year following, a student completes a Free Application for Federal Student Aid
(FAFSA), based on which the university calculates an expected family contribution (EFC).
The EFC is calculated using family assets (the value of savings or investment accounts, home
value, business assets, household income, etc.), family size, and the number of dependent
children enrolled in college. If the student is accepted, the university will offer her a financial
aid package to fund the difference between the cost of attendance (COA) and the EFC.11
11

The COA includes tuition and fees, room and board, books, supplies, transportation, loan fees, and
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This difference, often called the financial need gap (FNG), is covered in part by the university
through scholarships, grants, and work-study programs (insofar as the student qualifies), and
in part by the student through federal and/or private student loans.
When a university implements an NLP, it commits to covering the entire FNG through
scholarships, grants, or work-study programs, eliminating the need for federal or private
student loans.12 Universities may implement NLPs either for a subset of students (e.g. lowincome students) or for the entire student body. For example, as described by Rothstein and
Rouse (2011), when Princeton University implemented an NLP for low-income students in
1998, loans were eliminated for new matriculants from families with incomes below $40,000.13
As a consequence, the average amount of student loans for low-income students fell from
$15,000 (for students matriculating in 1997) to less than $500 (for students matriculating in
1998).14 In 2001, Princeton extended its NLP to cover all students.
Like Princeton, a number of other universities considered in this paper implemented
their NLPs in two stages, first eliminating loans for students with low family incomes, then
extending the policy to cover all students on financial aid. In the second stage, the policy
applied to all students on campus at the time, regardless of cohort. Thus, a non-low-income
student who was enrolled during the first phase would have been expected to take out loans
for those years, but would have been covered by the NLP afterward.
In total, 22 universities implemented a UNLP between 2001 and 2019. Figure 1, Panel
(a), shows the fraction of cohort-schools treated and the intensity of the treatment. For
example, if a university implemented a UNLP in the fall of 2001, then the cohort of students
graduating in the spring of 2002 would have been treated for 25% of the time they were in
college, and the cohort graduating in the spring of 2003 would have been treated for 50% of
the time they were in college. Figure A1 in the online appendix shows the total number of
NLPs implemented each year, as well as the number of other types of financial aid policies
(i.e., student loan caps, parental contribution eliminations, tuition waivers, and Pell Grant
matches). For example, the figure shows that in 2008, 20 universities implemented NLPs
for low-income students matriculating that year (and graduating in 2012). Notably, three
universities reversed their NLPs during this period: Dartmouth College and Williams College
in 2011 and Claremont McKenna College in 2014. The reversals provide an additional source
other school-related expenses. It may also include costs related to child and dependent care, a student’s
disabilities, or study-abroad programs.
12
It is important to note that students are not required to take the full value of the loan reductions offered
under the NLP. Some continue to take out loans in order to reduce work-study hours or parental contribution,
or to permit more spending during college.
13
As previously mentioned, we assume that the anonymous university studied in Rothstein and Rouse
(2011) is Princeton University. See Footnote 7 for details.
14
See Rothstein and Rouse (2011), Figure 1, p. 152.
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of variation, which we will include in the first-stage estimation.

4

Data

This section provides an overview of the data sources, sample construction, and variable
construction. Additional details are available in the online appendix.

4.1

Sample Construction

To conduct the empirical analysis, I have hand-collected a novel dataset providing studentlevel data, drawing on administrative data from post-secondary institutions, individual resumes, U.S. Postal Service (USPS) records, and post-secondary education surveys.
Administrative Data
The basic structure of my dataset is organized around the commencement records of universities that have implemented UNLPs. I have created a panel of individuals who graduated
from such universities between 1998 and 2020, using commencement programs obtained directly from each university. (While some universities publish their commencement programs
online, for others I procured commencement programs from their registrar offices or their
special collections archives.)
Each commencement program includes a list of graduating students, together with each
student’s degree, full name, fields of study, hometown, and honors earned. From these files,
I have organized students into cohorts based on graduation dates. In order to merge this
dataset with income data from the American Community Survey (ACS), I have categorized
each field of study by its Classification of Instructional Programs (CIP) code. Table 1
provides summary statistics on the students’ demographic characteristics and the fields in
which their degrees were conferred.
Online Resume Data
To analyze the effect of student debt on labor market outcomes, for each student in
the commencement programs I have obtained an individual public resume from LinkedIn,
an employment-oriented online platform where job seekers maintain profiles and employers
post jobs.15 Each resume contains three types of information: (1) educational history, including school name, degree, major, graduation date, and honors (such as Phi Beta Kappa
15

Similar data has previously been used by Lucca et al. (2014), Jeffers (2017), Bernstein et al. (2018),
Krishnan and Wang (2018), and Egan et al. (2019).
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membership or Latin honors); (2) job history, including firm names, position titles, years of
employment, locations, and descriptions of tasks; and (3) a list of technical and soft skills
and areas of expertise. Each position title is assigned a Standard Occupational Classification
(SOC) code using O*NET.
A concern with this data is that individuals may falsify their profiles. However, as discussed in Jeffers (2017), this is unlikely to be a prevalent problem, since the public availability
of LinkedIn profiles means that individuals who make false claims about their schooling or
employment are likely to be found out. A more salient concern is that of stale profiles. I
address this issue in the following ways. First, I restrict the sample to individuals whose
recorded employment history covers every year since they graduated from college. Second,
I restrict the sample to individuals who have connections on LinkedIn. With these restrictions, I find that I am able to match, on average, 85% of each graduating class from the
commencement reports to LinkedIn resume data.
Proprietary USPS Data
To decompose the effects of NLPs according to parental wealth, I merge the list of
students from the commencement programs with postal address histories from a proprietary
data vendor.16 The merge is based on each student’s full name, approximate age, hometown
(as provided by the commencement program), and dates of residence in her hometown. The
result is a history of geocoded addresses for each student. To verify the current locations
of international students, I use the locations in their LinkedIn profiles. For each domestic
student, I identify the postal address where the student lived in the year before she started
college. I create a household consisting of all individuals over the age of 18 who lived at this
address in that year, classifying household members who are at least 15 years older than the
student as parents. I describe the merging process in more detail in the online appendix.
Other Data Sources
IPEDS. Data on school characteristics comes from the U.S. Department of Education’s
Integrated Postsecondary Education Data System (IPEDS) and College Scorecard.
ACS NHGIS database. The income data used is the ACS five-year average (2015–2019)
of median income at the ZIP Code Tabulation Area (ZCTA) level. The data can be downloaded from the IPUMS National Historical Geographic Information System (NHGIS).
16

This database contains data on U.S. individuals, including personal property records, bankruptcy
records, address histories, and potential relatives. See Cronqvist et al. (2012) and Pool et al. (2015) for
details.
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4.2

Variable Construction

The main research problem in this paper is to study how student debt affects career
trajectories through its effect on college major choice. In this subsection, I detail how I
calculate the expected earnings trajectory for each major.
To calculate the expected earnings trajectory, I use data on earnings by occupation and
major from the 2009–2019 ACS, extracted from the IPUMS 1% samples (Ruggles et al.,
2017; Deming and Noray, 2018). Importantly for my study, the ACS data includes each
individual’s undergraduate field of study, occupation, and annual wage. I classify fields of
study according to the CIP system and occupations according to the SOC system, using the
2010 Census Bureau definitions of occupations. I include individuals who have a minimum
of a bachelor’s degree and are between the ages of 21 and 60, which yields a sample with
5,628,805 observations.
To quantify the effect of UNLP on major choice, I ask how wages differ across individuals
with different college majors. The main variable of interest is INCWAGE, which reports
each respondent’s total pre-tax wage and salary income—that is, money received as an
employee—for the previous year (Ruggles et al., 2017).17 To purge the data of variation
unrelated to field of study, I regress the annual wage on age, age-squared, race, ethnicity,
sex, and survey-year fixed effects:18
log(1 + wageit ) = β1 Agei + β2 Age2i + ΓXi + γt + it .

(7)

Next, in order to avoid a Jensen’s inequality problem, I calculate the difference between the
predicted value (transformed to dollars) and the annual wage in dollars:
\

εit = wageit − elog(1+wageit ) − 1.

(8)

Once I have the dollar residuals, I calculate the mean, µm , and standard deviation, σm , of
17

The average pre-tax wage and salary income in the sample is $61,190, the 10th percentile has zero wage
and salary income, and the 90th percentile is $126,000. Table A1 in the online appendix reports the average
wage, standard deviation, and percentiles for each undergraduate field of study.
18
Table A2 in the online appendix reports the regression coefficients. To avoid having to drop zeros, I add
one dollar to the annual wage before taking the natural logarithm.
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the residuals for each major, m, separately:
Nm
1 X
εit Imajor=m ,
Nm i=1
v
u
Nm
u 1 X
t
(εit − µm )2 Imajor=m .
σm =
Nm i=1

µm =

(9)

(10)

Table 2 reports the results for each major. I find that engineering, mathematics, business,
and physical sciences have high mean residuals and high standard deviation of residuals,
while fine arts, English, and education have low mean residuals and low standard deviation
of residuals. Column 3 reports the coefficient of variation of the residuals, which is the
standard deviation scaled by the mean.
As well as differing in mean and standard deviation, earnings across majors also differ in
their life-cycle trajectories. For example, if a student majors in education or business, the
wage right out of college is high, but the wage growth is relatively low. On the other hand,
a student who majors in biology and goes to medical school has a low wage initially after
college but a much higher wage later on.
Figure 2 displays this relationship through a binned scatter plot of residualized annual
wage relative to age across the 10 most frequent college majors. I first regress the annual wage
and age on race, ethnicity, gender, and survey-year fixed effects, then generate the residuals
from those regressions and add the sample mean of each variable back to its residuals.
To capture the trade-off between initial wage and later wage, I run the following regression:
log(1 + wageimt ) =

X

β1m Imajor=m Agei +

X

m

β2m Imajor=m Age2i + ΓXi + γt + εit .

(11)

m

From the above regression, I recover the major-specific coefficients on age and age-squared.
I then calculate the slope of wage with respect to age, evaluated at age 22. Table 2, Column
4, reports these slopes for each major. The slopes are positively correlated with the mean
of the residuals. In other words, majors with high lifetime earnings, such as biology and
engineering, also have steep earnings trajectories immediately after college.

5

Empirical Design

In this section, I detail the empirical methodology. I begin by describing the main
benchmark regression specifications: an event study and a difference-in-differences model.
15

Next, I employ two alternative models to assess the robustness of the empirical results: a
regression model with an additional control group, and a regression model that adjusts for
potential treatment heterogeneity across cohorts. Finally, I describe the model that tests
whether the effect of student debt varies with family income.

5.1

Benchmark Specifications

The empirical strategy is to study the effect of NLPs on major choice, comparing individuals who were not exposed to an NLP to those who were, at the time of policy implementation.
I implemented this comparison with the following main specifications:
yi,s,t =

3
X

1cohort j βj + γs + γt + Xi + i,s,t ,

(12)

yi,s,t = α + β × Postt + γs + γt + Xi + i,s,t ,

(13)

j=−4

where (12) is the event study and (13) is the difference-in-differences model. The dependent
variables in both models, yi,s,t , is either a dummy variable indicating a specific major or
occupation, or a continuous variable measuring an expected earnings characteristic, for individual i, in school s, in year t. The variable 1cohort j is a dummy variable indicating whether
the student graduated in cohort j relative to policy implementation, where 0 is the year prior
to implementation (and the omitted category). Finally, Xi represents demographic controls,
γs is a vector of school fixed effects, and γt represents year fixed effects.
In regression (12), the vector β contains the main coefficients of interest. For each year, it
measures the average change in the outcome for an individual who was treated by the policy,
relative to year 0, over and above the average change over the same period for an individual
not treated by the policy. In the regression (13), β again contains the main coefficients of
interest. All point estimates are reported with standard errors clustered at the school level.

5.2

Empirical Challenges and Robustness Specifications

In this subsection, I discuss three potential empirical challenges and concerns, and I
describe how I address them.
One potential concern is that there could be a selection bias in the types of students who
attend a given university before or after it implements a UNLP. For instance, a particular
type of student might be more likely to apply to and enroll in universities that have a
UNLP. I address this concern in two ways. First, I restrict the event window to include
only graduation years up to j = 3. This means that I am only studying students who were
16

already enrolled at the time of the policy implementation.
A second potential concern is that in the benchmark specification, the sample consists
only of students from the 22 universities that implemented UNLPs, and the empirical model
estimates the effects of UNLPs through variation in the implementation time. To test the
robustness of the empirical results, I estimate a regression model which includes a control
group of universities that never implemented a UNLP. As the control group I include all (nonUNLP-implementing) universities from Barron’s list of the top 50 U.S. universities. (These
universities include, for example, MIT, Duke, and UC Berkeley.) Specifically, I implement
the following two regression models:
yi,s,t = T reateds ×

3
X

1cohort j βj + γs + γt + Xi + i,s,t ,

(14)

yi,s,t = α + β × T reateds × Postt + γs + γt + Xi + i,s,t ,

(15)

j=−4

where T reateds is a dummy variable taking the value 1 if the university is among the 22 that
implemented UNLPs and 0 otherwise, and the other variables are as in the models above.
The regression model (14) is a difference-in-differences event-study model, where the vector
of coefficients of interest, βj , captures the average difference in the outcome variable in year
j relative to year 0 for treated schools. The regression model (15) is a standard collapsed
difference-in-differences model, where β is the coefficient of interest.
A third potential concern is that there might be heterogeneity in the treatment effect
across cohorts. A growing econometrics literature has shown that two-way fixed effects
(TWFE) models (such as (12) and (13)) provide a weighted average of each cohort-specific
coefficient. This weighted estimate can sometimes be biased away from the standard interpretation of a difference-in-differences estimate, especially if the treatment effect differs
across cohorts.19 To address this concern, I also estimate the bias-correcting difference-indifferences event-study regression model recommended by Sun and Abraham (2020).

5.3

Heterogeneity across Family Income Levels

Finally, I explore how the effects of student debt vary with family income. As noted in
the introduction, most of the previous literature studies the effects of student debt for the
average student. However, students’ investments in human capital are often at least partially
financed by their parents, and it is natural to assume that the parents’ financial wealth can
19

For the econometrics literature, see, for example, Borusyak and Jaravel (2017), de Chaisemartin and
D’Haultfœuille (2020), Callaway and Sant’Anna (2020), and Sun and Abraham (2020). For an application
in finance, see Baker et al. (2021).
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act as a credit constraint. Moreover, financial aid is a scarce resource. While estimates for
the average student can serve as an argument to increase financial aid overall, such estimates
do not address the more complex and pressing problem of how best to allocate financial aid.
Instead, to design better allocation policies we need to ask: Who is most constrained by
student debt? The answer is not obvious a priori. For example, students from the poorest
families may already qualify for full tuition waivers, while students from the richest families
may rely on their parents to fund their education. In this case, students from the middle of
the income distribution would be likely to display the largest response to changes in student
loan policies.
In order to decompose the effects of student loans according to family income, I have
collected USPS records not only of students, but also of their parents. While I cannot
directly observe family income, I can proxy for it by exploiting geographic information.
Specifically, by matching the commencement program data to USPS records, I can see a
history of addresses and approximate dates of residence for each student. Additionally, the
USPS records allow me to see all individuals by name at a particular address. Using this
information and other demographic data, I can allocate individuals into households. Then,
from the ACS, I get median household income data at the ZIP Code level.
For this part of the analysis, I run the two main regression specifications, interacting the
effect with proxies for family income. Specifically, I run the following two specifications:
yi,s,t = α+β1 Postt +β2 Family Incomei +β3 Postt ×Family Incomei +γs +γt +Xi +i,s,t , (16)
yi,s,t =

3
X
j=−4

1cohort j βj +

3
X

1cohort j µj × Family Incomei + γs + γt + Xi + i,s,t ,

(17)

j=−4

where Family Incomei is defined either as the natural logarithm of the median household
income in the ZIP Code where the family lives, or as an indicator of whether the student
student grew up in a ZIP Code where the median household income is above the nationwide
median.

6

Results

In this section, I present the empirical results. First, I present the first-stage results
on the effect of UNLPs on student debt take-up. Then I present the main result of the
paper, on how UNLPs affect the choice of implied wage trajectories. Next, to explore the
economic mechanism driving the main result, I present the results on individual major and
occupational choices. Finally, in a heterogeneity analysis, I detail how the effects vary with
18

family income.

6.1

Effects on Student Debt

First, as a proof of concept, I present an event study of the effect of the first stage using
aggregate data from IPEDS. To understand the dynamic effects, I run a standard event-study
regression, where the dependent variable is the fraction of undergraduates with student debt.
Figure 1, Panel (b), reports the results, showing a plot of the coefficients on the year
relative to implementation. We see a sharp drop in the fraction of students taking out loans
that precisely coincides with the timing of the policy. Table 3 compares UNLPs to other
financial aid programs, including income-specific NLPs, loan caps, parental contribution
elimination, and tuition waivers. (For example, some colleges implement NLPs for families
whose incomes fall below a specific level.) I find that UNLPs meaningfully decrease the
percentage of students taking loans; specifically, they lower it by 12.6 percentage points.
To assess the robustness of this result, in Figure 1, Panel (b), I plot the regression
coefficients and 95% confidence intervals from two regressions of the percentage of students
taking a student loan on year dummies relative to the implementation of a UNLP. A standard
TWFE model is reported in blue, a TWFE model with non-implementing top-50 schools
as a control group is reported in red, and a bias-corrected model allowing for treatment
heterogeneity across cohorts (following Sun and Abraham (2020)) is reported in green. Across
all three specifications, in the year when a UNLP is implemented, there is a significant drop
in the share of students who take student loans.
Taken together, these results confirm that following the implementation of UNLPs, the
use of student loans fell dramatically.

6.2

Implied Wage Trajectories

In this subsection, I present the main results of the paper. Here, I regress the implied
wage characteristics (imputed from the ACS data) on UNLP adoption.
Figure 3 shows the event-study plots. Panels (a), (b), (c), and (d) show the coefficients
from the regression (12) with the outcome variable taken as the imputed mean, standard
deviation, coefficient of variation, and slope, respectively. In Panels (a) and (b) we see that
following UNLP implementation, students choose majors that are associated with wages that
are both higher on average and have higher standard deviation. Prior to UNLP implementation, there is no pre-trend; afterwards, we see a discontinuous increase of roughly $1,000
dollars in both the mean and the standard deviation. In Panel (d), we see that following
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UNLP implementation, students choose majors with earnings slopes roughly 0.5 percentage
points higher than those of the majors they chose before.20
To quantify the average effects on students, I turn to the collapsed difference-in-differences
regression. Table 4 reports the regression coefficients. Columns 1 and 2 show the coefficients for the mean (in the model with and the model without control schools, respectively),
Columns 3 and 4 the coefficients for the standard deviation, and Columns 7 and 8 the coefficients for the slope. I find that after UNLP implementation, students choose majors
associated with increases of $1072.70 in mean earnings, $1009.4 in standard deviation of
earnings, and 0.54% in earnings slope.
These results highlight that higher student debt can simultaneously lead to both higher
and lower earnings at different points in a student’s career: Students with less debt are more
likely to choose careers that have lower initial wages after college and higher earnings growth
in the long term.

6.3

Majors and Occupations

Next I explore the economic mechanism behind the main results, in two steps. First, I
ask which majors students were choosing before and after the policy change. Specifically, I
run the regression (13) with the outcome variable being a dummy variable that takes the
value 1 if an individual graduated with a particular major.
Figure 4 shows a plot of the difference-in-differences coefficients. Each coefficient represents the change in the fraction of students choosing a specific major, controlling for student
characteristics and for school and cohort fixed effects. (As before, the treated sample includes
only students who were enrolled when the UNLP was introduced.)
We see that UNLPs induced more students to major in the physical sciences, biology and
life sciences, history, and mathematics and statistics, while it reduced the number of students
majoring in medical and health sciences and services (a category that includes nursing) and
in business. Thus, the increases in the mean, standard deviation, and slope of earnings are
primarily driven by the choice of STEM majors, history, and the social sciences.
Taken together, these results show that after UNLP implementation, students choose
majors that are associated with, on average, a $1,000 increase in annual wage. As an
illustration, this is equivalent to the increase that would result if all students majoring in
psychology were to change their major to pre-law, or if 8% of all students majoring in medical
and health sciences and services (which includes nursing) were to switch to biology and life
20

In each of the four panels, I plot both the coefficients from a regression with only treated schools and
those from another specification that includes non-treated schools.
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sciences.21
As a second step, I ask whether UNLPs change the types of jobs that students get.
Figure 5 reports the results from the model (13) for nine different job types. We see that
following UNLP implementation, when student debt decreases, the probability that a student
will become a teacher, nurse, or physician’s assistant decreases. Interestingly, all of these
jobs are characterized by stable earnings and lower expected earnings growth. In contrast,
the probability that a student will become a doctor, lawyer, author, artist, or entrepreneur
increases. These jobs are characterized by either low initial earnings after college (many
prospective doctors and lawyers effectively have negative earnings while they are in graduate
school and pay tuition), or high earnings risk (artists, authors, and entrepreneurs).

6.4

The Role of Family Income

Figure 6, Panel (a), shows the distribution of ZIP-level income, with a histogram of
ZIP-level median household income data (in gray) and a histogram of median household
income for the students in my dataset (in red). There are two takeaways from this plot. The
first is that families that send their children to universities with NLPs are wealthier than
the average family in the U.S. The second is that, nevertheless, students from lower-income
families also attend these universities.
Figure 6, Panel (b), shows two binned scatter plots of ZIP-level median household income
relative to the implied mean wage and wage slope, respectively. We see that, on average,
students with wealthier parents choose majors that are associated with higher wages and
higher wage slopes.
Figure 7 shows a plot of the regression coefficients from the event study interacted with
family income. Following UNLP implementation, we see that students from low-income
families are more likely to choose majors associated with higher earnings. However, given
the small sample size, these results are less statistically significant than the earlier results.
Tables 5 and 6 confirm the results above. They report the regression coefficients from
the collapsed difference-in-differences model interacted with family income, measured either
as logarithmic income (Table 5) or via an indicator for above-median income (Table 6).
Taken together, these results indicate that many students face financial constraints which
affect their choice of human capital investments. In particular, students who grew up in lowincome families are more likely to be facing financial constraints.
21
The difference between the mean wages in pre-law and psychology is −$4, 720 − (−$5, 787) = $1, 067
(see Table 2). The difference between the mean wage for biology and that for medical and health sciences
and services is $19, 728 − $6, 523 = $13, 205. Thus, if one in every 13 nursing students changes to biology,
this corresponds to an average change of roughly $1,000 across the original population of nursing students.

21

7

Conclusion

In this paper, I study how student loans affect labor supply, human capital investments,
and long-term labor market trajectories. Relatedly, I study how wealth transfers early in
an individual’s life (in the form of financial aid for college) affect these outcomes. I build a
novel dataset by merging individual resume data with university records and postal service
records. As the source of empirical variation, I exploit the staggered implementation of
universal no-loan policies (UNLPs) at universities across the U.S.
This paper makes two main contributions. The first contribution relies on the insight that
most human capital investments are intertemporal and require a trade-off between current
and future income. For example, choosing to go to medical school will result in lower current
income and higher expected future income. In the paper, I analyze how student loans affect
this trade-off—in particular, the extent to which they induce students to choose career paths
with lower earnings slopes. I find that following the implementation of a UNLP, students
are much less likely to take on student debt; in addition, they choose different fields of study
and end up with different career paths. Specifically, under a UNLP, students are more likely
to choose majors and careers that require additional investments and that are associated
with higher mean earnings and higher earnings slopes.
The paper’s second contribution is its analysis of how student loans differentially affect
students depending on their family backgrounds. Most of the previous literature studies the
effects of student loans for the average student. However, students’ investments in human
capital are often at least partially financed by their parents, and it is natural to assume
that the parents’ financial wealth can act as a credit constraint. Moreover, financial aid
is a scarce resource. While estimates for the average student can serve as an argument to
increase financial aid overall, such estimates do not address the more complex and pressing
problem of how best to allocate financial aid. Instead, to design better allocation policies we
need to ask: Who is most constrained by student debt? In this paper, I find that student
debt has a stronger effect on the major choices and implied wage trajectories of students
from low-income families.
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Figure 1: Universal no-loan policies
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(B) Effects on undergraduates with student loans
Note: This figure describes the implementation timeline and first-order effects of universal no-loan policies (UNLPs).
Panel (a) shows the fraction of cohort-schools treated and the intensity of the treatment. For example, if a university
implemented a UNLP in the fall of 2001, then the cohort of students graduating in the spring of 2002 would have
been treated for 25% of the time they were in college, and the cohort graduating in the spring of 2003 would have
been treated for 50% of the time they were in college. Panel (b) shows the regression coefficients and 95% confidence
intervals from two regressions of the percentage of students taking a student loan on year dummies relative to the
implementation of a UNLP. A standard two-way fixed effects (TWFE) model is reported in blue, a TWFE model
with non-implementing top-50 schools as a control group is reported in red, and a bias-corrected model allowing for
treatment heterogeneity across cohorts (following Sun and Abraham (2020)) is reported in green. The data source for
both panels is the Integrated Postsecondary Education Data System (IPEDS).
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Figure 2: Life-cycle wages by college major
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Note: This figure shows a binned scatter plot of residualized annual wage relative to age across the 10 most frequent
college majors (controlling for race, ethnicity, gender, and year). I first regress the annual wage and age on race,
ethnicity, gender, and survey-year fixed effects, then generate the residuals from those regressions and add the sample
mean of each variable back to its residuals. The black circles report the average residualized wage across 25 equalsized bins based on age. The blue diamonds report the average residualized wage for students who majored in biology,
the red squares for students who majored in business, and the green triangles for students who majored in education.
The gray circles represent the remaining top-10 majors (measured by frequency). The data source is the American
Community Survey (ACS).
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Figure 3: Effects of UNLPs on major wage characteristics
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(c) Slope
Note: This figure shows the regression coefficients from an event-study regression where the unit of observation
is a student. The data source is hand-collected commencement programs. In Panel (a), the dependent variable
is the mean across undergraduate majors of the residuals from the Mincer wage regression. In Panel (b), the
dependent variable is the standard deviation of residuals. In Panel (c), the dependent variable is the slope. For
all panels, the main independent variable is a set of event-time dummies indicating when the student graduated
relative to the implementation of the UNLP. A standard two-way fixed effect (TWFE) model without control
schools is reported in blue and a TWFE model with non-implementing top-50 schools as a control group is
reported in green, and a bias-corrected model allowing for treatment heterogenity across cohorts following Sun
& Abraham (2020) is reported in red.
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Figure 4: Majors after NLP implementation
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Note: This figure shows a plot of the regression coefficients from Equation (13), with the outcome variable being a
dummy variable that takes the value 1 if an individual graduated with a particular major. The coefficient represents
the change in the fraction of students who chose that major, controlling for student characteristics and for school and
cohort fixed effects. The treated sample includes only students who were enrolled at the time the no-loan policy (NLP)
was implemented.
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Figure 5: Occupations after NLP implementation
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Note: This figure shows a plot of the regression coefficients from Equation (13), with the outcome variable being a
dummy variable that takes the value 1 if an individual has a particular occupation seven years after graduation. The
coefficient represents the change in the fraction of students with that occupation, controlling for student characteristics
and for school and cohort fixed effects. The treated sample includes only students who were enrolled at the time the
NLP was implemented.
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Figure 6: ZIP-level median income
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Note: The figure plots a histogram of the median household income by ZIP codes. The entire U.S. population is
reported in gray, and the sample of NLP students’ families are reported in red.
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Note: This figure shows the regression coefficients from an event-study regression where the unit of observation is a student. The data source is
hand-collected commencement programs. In all three panels, the dependent variable is the mean across undergraduate majors of the residuals from
the Mincer wage regression, and the main independent variable is a set of event-time dummies indicating when the student graduated relative to
the implementation of the UNLP. In Panel (a), the sample is the full sample; a standard TWFE model without control schools is reported in blue,
and a TWFE model with non-implementing top-50 schools as a control group is reported in green. (This is the same as Figure 3, Panel (a).) In
Panel (b), the sample consists of the students that I have (so far) matched with their parents, and the coefficients are from the standard TWFE
model. In Panel (c), the sample is the same as in Panel (b). The regression model is that of Equation (17), which includes an interaction term
between the event-time dummies and a dummy indicating whether the student’s parents live in a ZIP Code where the median income is below the
national median. The reported coefficients are those on the interaction term.
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Table 1: Summary statistics—demographics and degrees conferred
Total

Pre-policy

Post-Policy

135043

84119

50924

Percentage of White Graduates

.753

.760

.740

Percentage of Black Graduates

.041

.038

.042

Percentage of Hispanic Graduates

.059

.058

.060

Percentage of Asian Graduates

.147

.141

.157

Percentage of Male Graduates

.460

.469

.464

Percentage of Education Majors

.005

.006

.005

Percentage of Social Science Majors

.403

.406

.400

Percentage of Engineering Majors

.112

.108

.115

Percentage of Humanities Majors

.207

.211

.201

Percentage of Business Majors

.050

.050

.050

Percentage of Policy Majors

.007

.007

.006

Percentage of Science and Math Majors

.210

.205

.218

Percentage of Journalism/Communication Majors

.012

.013

.011

Demographic Characteristics
Number of Students

Fields of Degrees Conferred

Note: This table reports values of the indicated variable in the sample, before and after UNLP
implementation, across universities that implemented a UNLP between 2001 and 2018. Column
1 shows mean values across university-cohorts at universities that implemented a UNLP for all
students, and Column 2 shows the standard deviation in values across university-cohorts. The data
sources are IPEDS and hand-collected commencement programs.
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Table 2: Mean and standard deviation of residualized wages

Biology and Life Sciences
Engineering
Physical Sciences
Mathematics and Statistics
Social Sciences
Computer and Information Sciences
Medical and Health Sciences and Services
Business
Transportation Sciences and Technologies
Area, Ethnic, and Civilization Studies
History
Interdisc and Multi-Disc Studies
Law
Communications
Engineering Technologies
Psychology
Linguistics and Foreign Languages
English Lang, Lit, and Comp
Architecture
Public Affairs, Policy, and Social Work
Philosophy and Religious Studies
Liberal Arts and Humanities
Criminal Justice and Fire Protection
Physical Fitness and Leisure
Environment and Natural Resources
Family and Consumer Sciences
Agriculture
Education Administration and Teaching
Fine Arts
Theology and Religious Vocations

Mean StdDev
19,728 97,176
17,298 83,694
11,886 89,019
10,414 85,148
8,474
90,187
7,443
71,722
6,523
57,669
4,390
79,458
2,630
75,224
2,102
75,643
-1,294 84,321
-2,118 64,046
-4,720 64,945
-4,934 63,667
-4,988 64,569
-5,787 60,417
-6,127 66,547
-6,255 69,124
-8,198 65,959
-10,402 49,919
-10,464 80,478
-11,420 62,077
-11,986 48,567
-12,074 50,626
-12,662 56,124
-12,820 44,407
-14,551 61,743
-14,834 40,040
-18,325 53,725
-34,594 43,975

Coef var Slope lvl
4.93
7,899
4.84
6,773
7.49
6,331
8.18
6,158
10.64
5,940
9.64
5,615
8.84
3,668
18.10
4,797
28.60
5,467
35.99
4,514
-65.15
5,539
-30.24
4,282
-13.76
3,847
-12.90
3,608
-12.95
4,743
-10.44
3,443
-10.86
3,725
-11.05
3,810
-8.05
3,664
-4.80
2,477
-7.69
4,991
-5.44
3,489
-4.05
3,805
-4.19
4,260
-4.43
3,699
-3.46
2,104
-4.24
3,512
-2.70
2,225
-2.93
2,704
-1.27
2,341

Slope log
26.38
20.13
20.32
16.98
12.90
18.99
12.69
9.70
16.07
9.41
13.47
10.58
15.62
3.44
19.70
7.98
7.12
7.22
9.38
6.92
11.91
9.30
14.63
14.98
9.59
0.70
8.29
9.01
3.20
6.50

Note: This table reports the average residual wage (in Column 1) and the standard deviation
in residuals (in Column 2) from a Mincer regression of annual wage on age, age-squared, race,
ethnicity, sex, and survey-year fixed effects. Column 3 reports the predicted slope on age from
a Mincer regression of annual wage where each major interacts with age and age-squared;
the slope is evaluated at age 22. The data source is the ACS.
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Table 3: Comparing financial aid reforms
Dependent variable: Pct. of Undergraduates with Student Debt

Financial Aid Program

38

Year FE
School FE
Observations
R2
Adjusted R2

Universal

Income Targeted

Other Programs

No Loan

No Loan

Loan Cap

No Par. Contr.

No Tuition

(1)

(2)

(3)

(4)

(5)

−12.61∗∗∗
(1.34)

0.36
(1.07)

2.58∗∗∗
(0.77)

−1.69
(1.13)

0.10
(2.63)

X
X
324
0.756
0.726

X
X
972
0.636
0.611

X
X
641
0.668
0.647

X
X
360
0.853
0.841

X
X
378
0.755
0.731

Note: This table reports regression coefficients from regressing the percentage of undergraduates with
student debt at school s in year t on an indicator taking the value 1 if school s has implemented a given
financial aid policy in year t, controlling for school and year fixed effects. Column 1 reports the coefficient
when the policy is a UNLP applying to all students. Column 2 reports the coefficient when the policy
is an NLP restricted to low-income students. Columns 3–5 report the results for loan caps, parental
contribution waivers, and tuition waivers, respectively. The data source is IPEDS. Standard errors (in
parentheses) are clustered at the school-year level, and the p-values are as follows: ∗ p<0.1; ∗∗ p<0.05;
∗∗∗
p<0.01.

Table 4: The Effect of UNLP on Major Characteristics
Mean
UNLP × Post
Control schools
School FE
Year FE
Demographics
N
R2

Std.dev.

Coef.Var.

Slope

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

768.6
(2.81)

1327.9
(3.84)

664.7
(1.63)

1618.1
(2.44)

0.39
(1.12)

0.66
(2.03)

0.49
(4.42)

0.70
(3.92)

X
X
X
252,022
0.03

X
X
X
X
772,628
0.06

X
X
X
252,022
0.05

X
X
X
X
772,628
0.08

X
X
X
252,022
0.02

X
X
X
X
772,628
0.02

X
X
X
252,022
0.03

X
X
X
X
772,628
0.06

Note: This table reports regression coefficients from a difference-in-differences specification.
Columns 1 and 2 give the coefficients for the mean, Columns 3 and 4 the coefficients for the
standard deviation, Columns 5 and 6 the coefficients for the coefficients of variation, and
Columns 7 and 8 the coefficients for the slope. Odd columns include control schools; even
columns do not. The t-statistics are reported in parentheses, and the standard errors are
clustered at the school level. The data sources are hand-collected commencement programs
and the ACS.
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Table 5: Treatment effects by family income
Mean

Std.dev.

Coef.Var.

Slope

(1)

(2)

(3)

(4)

Post

7888.2
(6.57)

13576.9
(3.55)

-12.2
(-4.51)

5.66
(27.84)

Family Income (ZIP)

839.4
(6.19)

1223.3
(4.16)

-1.03
(-3.67)

0.35
(4.19)

Post × Family Income (ZIP)

-600.6
(-5.58)

-1097.6
(-3.36)

1.07
(4.52)

-0.42
(-22.49)

School FE
Year FE
Demographics
N
R2

X
X
X
71,154
0.04

X
X
X
71,154
0.08

X
X
X
71,154
0.01

X
X
X
71,154
0.04

Note: This table reports regression coefficients from a difference-in-differences specification.
Post is a dummy indicating whether a student has been treated. Family Income (ZIP) is
the natural logarithm of the median household income in the ZIP Code where the student’s
family lives. Column 1 reports the coefficients for the mean, Column 2 for the standard
deviation, Column 3 for the coefficient of variation, and Column 4 for the slope. The tstatistics are reported in parentheses, and the standard errors are clustered at the school
level. The data sources are hand-collected commencement programs and the ACS.
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Table 6: Treatment effects by family income (above median)
Mean

Std.dev.

Coef.Var.

Slope

(1)

(2)

(3)

(4)

Post

1268.7
(4.29)

1524.2
(3.44)

-0.36
(-0.85)

0.96
(6.37)

Above Median Family Income (ZIP)

518.0
(4.17)

816.9
(3.55)

-0.61
(-3.21)

0.22
(3.38)

Post × Above Median Family Income (ZIP)

-481.6
(-2.85)

-959.2
(-3.85)

0.69
(4.76)

-0.30
(-7.01)

School FE
Year FE
Demographics
N
R2

X
X
X
71,154
0.04

X
X
X
71,154
0.08

X
X
X
71,154
0.01

X
X
X
71,154
0.04

Note: This table reports regression coefficients from a difference-in-differences specification.
Post is a dummy indicating whether a student has been treated. Above-Median Family
Income (ZIP) is an indicator taking the value 1 if the student’s family lives in a ZIP Code
where the median household income is above the national median. Column 1 reports the
coefficients for the mean, Column 2 for the standard deviation, Column 3 for the coefficient
of variation, and Column 4 for the slope. The t-statistics are reported in parentheses, and
the standard errors are clustered at the school level. The data sources are hand-collected
commencement programs and the ACS.
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Figure A1: Number of financial aid policies implemented, 1998–2018
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all students policy

(B) Implementation of loan elimination policies (no-loan policies)
Note: This figure shows the number of financial aid policies that have been implemented for particular household income
bands and for all students over time. Panel (a) shows the total number of universities implementing loan eliminations, loan
caps, parental contribution waivers, Pell Grant matches, and tuition waivers. Panel (b) shows the total number of no-loan
policies implemented over time. The black bars denote policies targeted specifically at low-income students, and the gray bars
denote policies available for all students. The data source is the Integrated Postsecondary Education Data System (IPEDS).
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Table A1: Summary statistics—demographics and degrees conferred
Mean

SD

p25

p50

p90

N

Agriculture

52752.7

62031.3

12000.0

40000.0

110000.0

54203

Environment and Natural Resources

52310.4

56901.0

17000.0

43000.0

100000.0

31210

Architecture

58543.2

66841.5

11500.0

48000.0

120000.0

28823

Area, Ethnic, and Civilization Studies

55798.2

79317.4

7200.0

35450.0

125000.0

13566

Communications

52978.7

65712.2

11200.0

40000.0

110000.0

200275

Communication Technologies

45639.5

49623.3

12000.0

36000.0

100000.0

7543

Computer and Information Sciences

74841.0

72376.7

28800.0

65000.0

144000.0

146201

Education Administration and Teaching

36929.8

39811.5

9000.0

35000.0

72000.0

340408

Engineering

86362.3

83226.7

34500.0

75000.0

160000.0

288313

Engineering Technologies

69351.1

63715.4

30000.0

61000.0

130000.0

33260

Linguistics and Foreign Languages

49058.3

71409.6

3700.0

32000.0

107000.0

37430

Law

52340.8

66750.8

10000.0

40000.0

110000.0

8507

English Lang, Lit, and Comp

52766.1

75012.9

6000.0

35000.0

116000.0

117561

Liberal Arts and Humanities

47770.3

64319.6

6000.0

34300.0

100000.0

59898

Biology and Life Sciences

84785.3

110323.4

14000.0

50000.0

201000.0

224085

Mathematics and Statistics

75138.41

90229.41

17200.00

54000.00

154000.00

47773

Interdisc and Multi-Disc Studies

51037.43

69180.54

9000.00

36000.00

109000.00

36964

Physical Fitness and Leisure

44069.73

53027.25

11000.00

35000.00

90000.00

48301

Philosophy and Religious Studies

60164.48

87041.38

7700.00

37000.00

135000.00

26146

Theology and Religious Vocations

36285.29

43973.20

7000.00

29400.00

75000.00

23393

Physical Sciences

81801.82

97693.12

20000.00

55000.00

180000.00

114863

Psychology

48013.33

66043.93

6700.00

32650.00

101000.00

188336

Criminal Justice and Fire Protection

50798.33

49823.82

20000.00

42000.00

100000.00

87316

Public Affairs, Policy, and Social Work

39903.65

51863.90

9000.00

32000.00

80000.00

46623

Social Sciences

70153.45

93916.89

12000.00

45000.00

150000.00

302590

39727.69

35453.24

3000.00

35000.00

90000.00

65

Fine Arts

39411.20

53559.16

3100.00

28000.00

90000.00

191799

Medical and Health Sciences and Services

58920.95

60680.20

20500.00

50000.00

110000.00

312050

Business

66628.25

79578.79

20000.00

50000.00

135000.00

927466

History

66734.67

91210.77

12000.00

42000.00

150000.00

78114

40.54

10.91

31.00

40.00

56.00

4111126

Field of Studies

58 incwage

Demographic Characteristics
Age

Note: The above table reports mean values of annual wages, standard deviations, percentiles, and
count values across individuals who are of working age (between 21 and 60) and have at least a
bachelor’s degree. Column 1 gives mean wages in dollars, Column 2 gives the standard deviation
in dollars, and Columns 3–5 give percentiles of wages in dollars. The data source is the American
Community Survey (ACS).

Table A2: Regression coefficients for wage imputation
(1)
(2)
Wage
Log(wage)
Age
8656.8
0.28
(94.53)
(106.51)
Age2
-91.4
-0.0035
(-125.29) (-124.15)
Non-Hispanic White 13148.2
0.46
(53.12)
(42.54)
African American
-755.2
0.46
(-1.26)
(26.60)
Hispanic
788.1
0.052
(3.11)
(4.96)
Asian
12662.4
-0.19
(15.79)
(-9.87)
Female
-32790.5
-1.17
(-52.62)
(-94.26)
Survey Year FE
X
X
N
5,628,805 5,628,805
R2
0.11
0.04
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