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Abstract

In the presence of credit frictions, student debt may prevent graduates from realiz-
ing the full returns to a college education by distorting their occupation choice and
subsequent early career investments in human capital. This paper quantifies the ag-
gregate size of these labor market distortions by computing the effect of large scale
student debt forgiveness policies. The model’s predictions are disciplined by new
empirical evidence showing that more student debt leads to higher initial earnings,
but lower returns-to-experience. The quantitative results suggest that rising student
debt is having a substantial adverse effect on aggregate labor productivity and the
occupational composition of employment.
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1 Introduction

Total outstanding student loan debt reached $1.57 trillion in 2022, surpassing auto loans
and credit card debt to become the second largest household financial liability after
home mortgages.1 On the one hand, the increase in student debt represents a policy suc-
cess in which subsidized federal loans alleviated credit frictions to help broaden access
to higher education. On the other hand, the rise in student debt may prevent many in-
debted students from fully realizing the benefits of a college education by exacerbating
subsequent credit constraints after graduation. Surveys of non-delinquent borrowers
from federal loan programs suggest such concerns are well founded, with 34% of bor-
rowers reporting their student loans resulted in more hardship than anticipated; 54%
reporting they would borrow less if they could repeat college; and nearly one-fifth re-
porting “significantly changing career plans because of student loan burdens.”2

This paper provides a theoretical and empirical analysis of the aggregate welfare and
productivity consequences of rising student debt. It focuses in particular on aggregate
labor markets and the early career outcomes of college graduates. In the presence of
credit frictions, economic theory predicts that student debt may distort household oc-
cupation choice and inhibit subsequent investments in human capital accumulation on
the job. Exploiting exogenous variation in the composition of college funding, the paper
provides empirical evidence consistent with these predictions. The results show that
students graduating with more student debt have higher initial earnings, but lower re-
turns to experience in the first ten years of their career. Employing a structural model
calibrated to these empirical findings, the paper quantifies the scale of aggregate distor-
tions by computing the impact of large scale student debt forgiveness policies.

While the paper’s results apply more broadly to the interaction of credit market fric-
tions and labor markets, there are several advantages to focusing in particular on the
impact of student debt. First, student loan debt is among the largest and fastest growing
forms of household credit. Second, it is primarily incurred early in life, before individual
labor market experiences diverge, making its effects on lifecycle outcomes easier to mea-
sure and isolate. Figure 1 shows that student debt accounts for virtually all debt held
by young college graduates and a substantial portion of the variation in their total net
worth. Third, student debt is largely non-dischargeable, allowing the model to abstract
from strategic delinquency and bankruptcy considerations. Empirically, households are

1See Federal Reserve Bank of New York (2022) for details on the composition of household debt.
2See Baum and O’Malley (2003) for details on the complete questionnaire and survey methodology.
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Figure 1: Net Worth and Student Debt of Young Workers, Ages 22-25 with BA Degree
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Notes: Source data from 2016 Survey of Consumer Finances. Student debt defined as the total market
value of aggregate loan balance of education-purpose expenses. The sample is restricted to bachelor’s
degree holders between the ages of 22 and 25. Appendix Figure A1 reports the distribution of assets and
student debt for the whole population between the ages of 22 and 25, regardless of educational attainment.

much less likely to become seriously delinquent (90-days or more) on their student debt
than on other forms of credit, such as credit card debt or auto loans.3 Finally, the federal
government plays an out-sized role in student debt markets, accounting for 92.7% of
the total outstanding student loan debt.4 Changes in loan policies can therefore gener-
ate aggregate variation in household debt, providing a natural laboratory to study the
causal effects on labor market outcomes. The dominant role of the federal government
also means that there may be broad scope for policy improvements to deliver substantial
aggregate welfare and productivity gains.

3In 2022Q3, only 1.04% of outstanding student debt became seriously delinquent, the lowest rate
among all major categories of household credit except mortgages and home equity. See Federal Reserve
Bank of New York (2022).

4Student loan debt held by the federal government is composed overwhelmingly of Direct Loans,
which account for $1.4 trillion of the total. The remaining balance is made up mostly of Title IV loans
issued through the FFEL Program and federal Perkins loans. See Consumer Financial Protection Bureau
(2022) for further details.
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Employing panel microdata from the National Longitudinal Survey of Youth (NLSY97),
the paper provides empirical evidence on the effect of student debt on early career la-
bor market outcomes. It instruments student debt levels using variation in the share of
grant funding within a college and across cohorts. Constructing the instrument requires
accessing restricted-use NLSY97 identifiers for the participants’ educational institutions
to merge in annual data on college-level loans and grants from the National Center for
Education Statistics (NCES). The empirical results show that an additional $1000 of stu-
dent debt increases initial earnings by 1.50%, but reduces the returns to experience by
0.41 percentage points. The effect on initial earnings corresponds to an additional $342
in annual earnings for every $1000 in student debt, in line with similar estimates in the
literature.5 The effects of student debt on the returns to experience are statistically sig-
nificant and sizable given that average annual earnings growth of individuals between
the ages of 25 to 30 is estimated to be 7.75% (Guvenen, Karahan, Ozkan, and Song 2021).

To draw aggregate inference from the empirical evidence, the paper develops a dynamic
model of lifecycle human capital accumulation and occupation choice in the presence of
credit market frictions. When credit constraints bind, household discounting of future
income streams is greater than prevailing market interest rates. The resulting intertem-
poral distortions lead households to decrease investments in human capital accumula-
tion as an alternative form of consumption smoothing, reducing lifetime earnings and
aggregate labor productivity. These adjustments can occur not only through reduced
investment on the job, but also through changes in occupation choice. Indebted house-
holds disproportionately select into occupations with more front-loaded compensation
schemes, even when their abilities make them a better match for other types of work.
The result is a misallocation of talent that can compound the negative effects of student
loan debt on aggregate labor productivity.

To study their macroeconomic implications, these mechanisms are embedded into a
quantitative heterogeneous-agent, incomplete markets model that can be taken to the
data. Individuals are born with heterogeneous family assets and occupation-specific
abilities. They endogenously incur student debt when deciding whether or not to at-
tend college, accounting for potential selection effects in the data. After graduation,
households choose an occupation based on their innate abilities and financial assets,
taking occupation wages and non-wage amenities as given. Earnings evolve endoge-

5For instance, see Rothstein and Rouse (2011), Chapman (2015), and Luo and Mongey (2024) for com-
parable estimates of the impact of student debt on initial earnings.
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nously over their lifecycle as a consequence of costly investments in human capital and
idiosyncratic labor market shocks. Households are also subject to progressive taxation,
receive retirement benefits which depend on their earnings, and face realistic student
debt repayment provisions and borrowing constraints. The calibration matches the ag-
gregate earnings profile; the joint distribution of household assets, student debt, and
college matriculation; and the employment shares, initial earnings, and returns to ex-
perience across 22 occupation groups. It also replicates, through indirect inference, the
estimated marginal effects of student debt on an individual’s lifecycle earnings.

Using the calibrated model, the paper quantifies the aggregate labor market distortions
which result from student debt. To do so, it computes the impact of large scale stu-
dent loan forgiveness policies on household welfare, earnings, college matriculation,
labor productivity, and the occupational composition of employment. The first exer-
cise analyzes the effect of a one-off federal student loan forgiveness program, similar to
those being proposed by the current administration. The second evaluates the long-run
consequences of making the proposed programs permanent. Conceptually, the second
exercise is more an accounting exercise than a policy counterfactual, providing useful
information about the aggregate size of labor market distortions from student debt.

The results show that both short-run and long-run policies increase labor productiv-
ity by stimulating human capital investment and improving the allocation of workers
across occupations. The model predicts that recently proposed one-off federal student
loan forgiveness policies could increase household lifetime earnings by up to 0.24% and
raise aggregate labor productivity by up to 0.28% in the short-run. The policy also in-
duces a moderate amount of occupational reallocation, with workers switching predom-
inantly from high wage to high amenity occupations following debt relief, consistent
with the predictions of Boar and Lashkari (2025) and Luo and Mongey (2024).

To quantify the potential size of aggregate labor market distortions and the misalloca-
tion of talent, the long-run exercise computes the impact of policies which permanently
reduce the incidence of student debt among graduates.6 Given the scope of these inter-
ventions, the computations allow occupational wages and college matriculation deci-
sions to endogenously respond to the policy. The results suggest sizable macroeconomic
effects. Average lifetime earnings increase by up to 6.24% under the long-run policy,
driven by gains in labor productivity. The larger long-run productivity effect is due in

6Real world examples of such policies would include expanded education grants, reductions in federal
student loan interest, and public tuition subsidies.
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part to a 1.29 percentage point rise in the college matriculation rate that was absent in
the short-run. It is also the result of changes in the scope and direction of occupational
reallocation. Under the long-run policy, up to 5.63% of workers switch occupations.
These reallocated workers flow predominantly to occupations with higher returns-to-
experience, rather than amenities. These differences are due to the equilibrium response
of occupational wages in the long-run, which induce second-order job reallocations and
discourage flows toward high amenity occupations relative to the short-run policy. Con-
sequently, long-run policies deliver larger gains in labor productivity through larger re-
ductions in the aggregate misallocation of talent.

Related Literature. The findings contribute to the literature examining how credit
market frictions affect labor market outcomes. Recent contributions have shown that
access to consumer credit can affect household job search behavior with aggregate im-
plications for the efficiency of worker sorting and business cycle volatility (Herkenhoff,
Phillips, and Cohen-Cole 2016; Herkenhoff 2019). This paper focuses in particular on
student debt and its effect on the early career outcomes of college graduates. As a result,
it complements research on credit frictions in the financing of higher education (Andol-
fatto and Gervais 2006; Lochner and Monge-Naranjo 2012; Caucutt and Lochner 2020;
Lochner, Stinebrickner, and Suleymanoglu 2021; Krueger, Ludwig, and Popova 2025) by
investigating how student debt can affect post-graduation labor market outcomes. The
mechanism may also help explain the substantial cross-country variation in the returns
to college and the shape of lifecycle earnings profiles (Lagakos, Moll, Porzio, Qian, and
Schoellman 2018; Martellini, Schoellman, and Sockin 2024).

Empirically, the paper presents new evidence on how student debt affects household
earnings profiles and occupation choice. It contributes to a growing literature doc-
umenting the effect of student debt on lifecycle outcomes, such as entrepreneurship,
homeownership, marriage, fertility, and graduate school (Rothstein and Rouse 2011;
Zhang 2013; Goodman, Isen, and Yannelis 2018; Chakrabarti et al. 2022; Folch and Maz-
zone 2026). In particular, it provides evidence of how student debt affects lifecycle earn-
ings through distortions to occupation choice (Herkenhoff, Phillips, and Cohen-Cole
2021; Boar and Lashkari 2025; Morazzoni 2023; Luo and Mongey 2024). The findings
show that indebted graduates are more likely to select into occupations with front-
loaded compensation schemes, mirroring the results in Hampole (2024) which show
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similar sorting patterns across college majors.7 More broadly, the paper contributes to
the literature on the misallocation of occupational talent by studying the role of debt,
complementing earlier work focused on the role of taxation or race and gender based
discrimination (Lockwood, Nathanson, and Weyl 2017; Hsieh et al. 2019).

Methodologically, the paper follows a common approach in the literature that analyzes
the aggregate consequences of student debt using dynamic stochastic heterogeneous-
agent lifecycle models with incomplete markets (Ionescu 2009; Abbott, Gallipoli, Meghir,
and Violante 2019; Lee and Seshadri 2019, Fu, Lin, and Tanaka 2021). The model here
builds in particular on the seminal approach in Huggett, Ventura, and Yaron (2011). It
extends their framework along a number of dimensions by including occupational het-
erogeneity, multidimensional ability, student debt and college matriculation alongside
a broader calibration strategy. To contextualize the effect of these extensions, the paper
recomputes the main exercises in Huggett, Ventura, and Yaron (2011) on the sources of
lifetime inequality to show how the model’s predictions change. A comparison of the
results shows a much more prominent role for initial wealth differences. While their
original study finds that differences in human capital at age 16 account for the majority
of lifetime inequality, the approach here finds that heterogeneity in initial assets is the
dominant factor driving lifecycle inequality in earnings and welfare.

Finally, while the paper encompasses several mechanisms through which credit fric-
tions can distort human capital investments, one important channel is absent: the role
of parents. In particular, the model does not consider how parental savings for their
children’s education may respond to changes in education policies. This is relevant as
several studies, such as Abbott et al. (2019), document a substantial crowding out effect.
Even with a crowding out effect, much of the literature continues to find that education
subsidies have a substantial positive effect on the human capital investments of high
ability students from low income families (Abbott et al. 2019; Lochner, Stinebrickner,
and Suleymanoglu 2021; Krueger, Ludwig, and Popova 2025). Hence, while our find-
ings are consistent with the broader findings of this literature, the quantitative results
here should be qualified and interpreted as net of any endogenous changes in parental
savings that may feed back into student matriculation and investment decisions.

7For context outside the U.S., De Falco and Reichlin (2025) show similar sorting patterns among college
students in Chile.
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2 Model Environment

The economy is populated by a unit mass of forward-looking, heterogeneous house-
holds who make college matriculation, occupation choice, and on-the-job human capi-
tal investments subject to credit constraints and idiosyncratic labor market risks. Each
period corresponds to five years. Agents begin life at age 18 when they are endowed
with initial assets a and realize their occupation specific abilities Θ = {θ0, θ1, . . . , θK}.

After observing their assets and abilities, individuals decide whether or not to attend
college subject to a matriculation taste shock ζ capturing, among other things, the op-
portunity cost of a college education. Those who attend college will endogenously in-
cur student debt d if they do not have sufficient funds to cover their education costs.
College graduates enter the labor market at age 23 and choose a college occupation
k ∈ {1, 2, . . . , K} to maximize their expected lifetime utility

k∗ = argmax { V1, V2, ..., VK }

where Vk is the value function associated with occupation k. Those choosing not to at-
tend college can only work in high school occupations k = 0. All households participate
in the labor force for at least 40 years, retire by age 64, and pass away by age 78.

Households can be identified by the state vector (a, h, d, k, t,Θ) which summarizes their
assets a, human capital h, student debt d, occupation k, age t, and innate abilities Θ. The
decision problem of a working-age individual in occupation k can be expressed

Vk(a, h, d, t,Θ) = max
c, s, a′

{
c1−ρ − 1

1− ρ
+ βE [Vk(a

′, h′, d′, t+ 1,Θ)]

}
× νk

subject to

c+ a′ = T (wk(1− s)h) + (1 + r)a− ϕ(a, h, d, t)

h′ = exp(z′)H(s, h,Θ)

d′ = (1 + rd)d− ϕ(a, h, d, t)

a′ ≥ −ā , 0 ≤ s ≤ 1

where ā is the exogenously given borrowing constraint and νk is a fixed occupation-
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specific non-wage amenity common to all workers.8 The non-wage amenities account
for factors–other than potential earnings–which influence household occupation choice.
Recent work by Boar and Lashkari (2025) and Luo and Mongey (2024) has demonstrated
that household substitution along this amenities margin is a relevant channel through
which household liabilities affect their occupation choice.

As in Huggett, Ventura, and Yaron (2011) and Lee and Seshadri (2019), human capital
accumulation is risky and modeled by a Ben-Porath (1967) learning technology subject
to i.i.d. idiosyncratic log-normal shocks, z′, so

H(s, h,Θ) = θ1−α(sh)α + (1− δ)h

where h is the individual’s current human capital, θ is their occupation specific ability,
and s is the share of time invested in skill acquisition on the job.9 Parameter α summa-
rizes the investment elasticity of the learning technology and δ captures the depreciation
of skills. The functions T (w(1− s)h) and ϕ(a, h, d, t) represent the tax system and stu-
dent debt repayment rule, respectively, which are described below.

Student Debt and College Matriculation. Households endogenously incur student
debt when deciding whether or not to attend college. At age 18, every individual re-
ceives a college admission offer that allows them to enroll in college if they take on
some amount of student debt d ≥ 0. Admission offers can be freely accepted or rejected.
Those who accept the offer take on student debt d and begin work in their preferred
college occupation, k∗. Those who do not attend college enter the labor force directly
to work in the high school sector, k = 0. High school graduates solve the same life-
cycle problem as college graduates, except that they make no occupation choice and
have no student debt. The high school graduate value function is therefore given by
V0(a, h, 0, t,Θ). Formally, the college matriculation problem can be expressed

max {Vk∗(a, h, d, 1,Θ) , V0(a, h, 0, 0,Θ) + ζ }
8The exogenous occupation-specific amenities ν, common to all households within that occupation,

do not play a meaningful role in the theory but are necessary quantitatively to match the patterns of
occupation choice conditional on observed earnings in the exercises below. See Section 5 for details.

9The choice of s can also be thought of as the agent’s chosen career path within an occupation, whether
targeting advancement or maximizing current income.
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where ζ is a college matriculation taste shock which accounts for unobserved idiosyn-
cratic heterogeneity in college enrollment decisions not captured by the model.10 It cap-
tures, among other things, the opportunity cost of attending college and the amenity
value of higher education, both of which affect student matriculation decisions and may
be shaped by family background.

To account for the variety of circumstances determining an individual’s access to student
financial-aid and family assistance, the model allows college admission offers to depend
stochastically on household characteristics. Specifically, admission offers take the form
{x, τ}, which require students to take on debt d = (1− x)τ to enroll. The Bernoulli ran-
dom variable x controls the extensive margin of student debt, while τ ∈ R+ determines
the intensive margin of student loan sizes. In particular, the intensive margins of the
college admission offer a household receives will depend on their initial assets, a0.11

Since households only incur student loans when enrolling in college, the model’s initial
distribution of student debt depends on both the exogenous stochastic process gener-
ating offers as well as the endogenous choice to enroll in college. Formally, the initial
distribution of student debt levels at age 23 is therefore defined implicitly by,

d(a, h, 0, 1,Θ) =

 (1− x) τ if Vk∗(a, h, d, 1,Θ) ≥ V0(a, h, 0, 0,Θ) + ζ

0 if Vk∗(a, h, d, 1,Θ) < V0(a, h, 0, 0,Θ) + ζ

Consequently, high school graduates have no student loans, nor does a mass of college
graduates who received and accepted a debt-free college education.12 The remaining
population of college graduates has student loans which depend on realizations of τ .

The endogeneity of student debt means that college matriculation decisions will deter-
mine not only who attends college, but also which households end up taking on stu-
dent loans, and how much. As a result, the initial distribution of student debt in the
population will depend jointly on all the other household state variables which affect

10The matriculation taste shock helps the model match enrollment patterns by family background and
improves computational tractability by smoothing the household value functions.

11Separately modeling the extensive and intensive margins of student debt realizations is necessary
to match the large mass point of graduates without any debt observed in the empirical distribution of
realized student debt. See Section 5 for details on the stochastic process generating admission offers.

12Note that some households may optimally choose not to attend college even though they received an
offer allowing them to do so for free, e.g. x = 1. Furthermore, extending the model to allow for college
drop-outs could generate a population of high school graduates with student debt. For a more complete
theoretical and quantitative treatment of the implications of drop-out risk for the returns to college, see
Hendricks and Leukhina (2017) and Hendricks and Leukhina (2018).
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college matriculation. For instance, higher college ability and wealthier households are
more likely to accept a given admission offer {x, τ} and enroll in college than are lower
ability and less wealthy households. This interdependence helps match the patterns of
selection into college by family background which are observed in the data and has the-
oretical and quantitative implications for the aggregate impact of policies which change
the provision of college financial aid analyzed in the counterfactuals.

Student Debt Repayment. Households which borrow to attend college begin paying
off their student debt after graduation. As in Luo and Mongey (2024), the benchmark
repayment rule is modeled on the standard federal repayment plan whose provisions
require fixed periodic payments that amortize the student loan over 10 years. This plan
remains the most common provision among student loan borrowers, despite the rising
popularity of income based repayment programs in recent years. In normal circum-
stances, an individual with outstanding student debt d would have to repay

ρ(d, t) =

[
rd

1− (1 + rd)−(T̄−t+1)

]
d

in each period t < T̄ , where T̄ is the repayment period and rd is the student loan interest
rate.13

Due to the stochastic risk in human capital accumulation, it is possible that some house-
holds will find themselves unable to make their student loan repayments ρ(d, t). House-
holds with few saved assets are particularly vulnerable to being unable to repay after
sufficiently negative shocks to their human capital. Consistent with the “undue hard-
ship” provisions of the standard federal repayment plan, households who find them-
selves in this circumstance can decrease or delay the size of their repayment obligations.
Specifically, the student debt repayment rule is given by

ϕ(a, h, d, t) = min
{
ρ(d, t) , a+ w(1− s)h− c̄

}
In other words, households which cannot make their student loan payment receive a
consumption floor c̄ and dedicate their remaining assets and income to pay off their
student debt. In this case, households will be delinquent and their repayment shortfall
will be carried forward (with interest rd) to their next period student debt balance, d′.

13The fact that obligations do not count toward the exogenous borrowing constraint ā motivates why
households do not prepay student loans.
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All outstanding student debt must be repaid and no borrower is permitted to defer
repayments beyond maturity duration T̄ . The model therefore allows individuals to
become delinquent, while default remains a rare equilibrium outcome – consistent with
legal provisions that strictly limit the discharge of student loan obligations.

The Tax System. T(y) is a function which represents the prevailing tax system and
transforms gross household income y into after-tax income. In particular, T(y) takes the
form of a step function

T(y) = (1− ψ(y)) · y

where ψ(y) represents the effective marginal tax rates for the tax bracket of individuals
with income y. The brackets and marginal rates ψ(y) are chosen to match the effec-
tive tax rates estimated by the Congressional Budget Office (CBO) displayed in Figure
A2. Accurately modeling effective marginal tax rates is relevant since they influence the
household’s incentive to attend college and invest in human capital over their lifecycle
(Saez, Slemrod, and Giertz 2012; Jones 2019). Accounting for these effects is also quan-
titatively important when assessing the impact of policies which change the net cost of
human capital investment, such as the provisions of student loan programs.

Retirement and Retirement Benefits. Households retire deterministically by age 64

and continue to make consumption and savings decisions until they pass away. Retired
households fund consumption out of their savings a and retirement benefits e, which
they begin receiving after retiring. Following Huggett, Ventura, and Yaron (2011), re-
tired households solve

VR(a, t) = max
c,a′

u(c) + βVR(a
′, t+ 1)

subject to

c+ a′ = e+ (1 + r)a

a′ ≥ −ā

where e is a social security benefit paid to all retired households, with the amount of
payment depending on the last-period income to match the average annual social secu-
rity transfer observed in the United States.
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The retirement stage determines the model’s terminal state which closes the household
problem and influences the evolution of their lifecycle investment behavior. The fact
that retired individuals do not work and instead rely on savings to finance consumption
shapes household incentives to accumulate physical versus human capital as they age.
The balance of these incentives determines the composition of household investments
across the demographic distribution. This distribution has implications for the impact
of policies which change the relative returns of human versus physical capital, both in
aggregate and across cohorts.

Production Technologies and Firms. Production occurs in a competitive sector of firms
which operate constant returns-to-scale technologies that employ both skilled and un-
skilled labor. As in Jones (2014), the production technology takes a nested CES structure

Y =
[
AhsH

σ−1
σ

hs + AcH
σ−1
σ

c

] σ
σ−1

where Y is output, A are group specific productivity terms, and σ is the elasticity of
substitution between "skilled" college labor and "unskilled" high school labor. The in-
put of college labor depends on the imperfectly substitutable variety of occupational
specializations k chosen by graduates so that

Hc =

[
K∑
k=1

AkH
η−1
η

k

] η
η−1

where Ak are group specific productivity terms and η is the elasticity of substitution
between college graduate specializations. The effective labor input for each college oc-
cupation k > 0 depends on the total effective hours worked by individuals in that occu-
pation, which incorporates both their physical hours and human capital,

Hk =

∫
(1− s(a, h, d, t,Θ))h dGk(a, h, d, t,Θ)

where Gk is the joint marginal cumulative distribution function of working age house-
holds (a, h, d, t,Θ) who optimally select into college occupation k ∈ {1, . . . , K}. The high
school labor input Hhs (i.e., k = 0) is defined analogously to the other Hk, integrating
over the distribution of workers who do not attend college. Modeling the production
sector is necessary for the endogenous determination of the college wage premium and
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occupation specific wages that influence college matriculation decisions and the sorting
of workers across occupations. Accounting for these effects is important when assess-
ing the impact of credit frictions on human capital accumulation and the ultimate al-
location of talent across education and occupation groups, particularly under policies
which change relative wages across occupations.

3 Implications for Human Capital and the Allocation of Talent

This section presents a simplified version of the model to highlight its key mechanisms.
When credit constraints bind, households invest less in human capital accumulation as
an alternative mode of consumption smoothing. Section 3.1 describes the resulting in-
tertemporal distortions to college matriculation and investments in human capital accu-
mulation on the job. Section 3.2 shows how credit frictions may also distort occupation
choice, pushing households towards occupations with more front-loaded compensation
schemes over those which best match their innate abilities.

Consider a simplified lifecycle where all individuals live for only two periods – young
(y) and old (o) – and there are only two occupations. Households are born young with
initial assets ay and innate abilities Θ = {θ1, θ2}.14 The decision problem of a young
worker who chose occupation k can be expressed

Vk(ay,Θ) = max
cy ,co,ao,s

u(cy) + βu(co)

subject to

cy = wk(1− s) + ay − ao

co = wkH(s,Θ) + (1 + r)ao

ao ≥ −ā , 0 ≤ s ≤ 1

where initial human capital is normalized to unity, hy = 1. The household’s human capi-
tal in old age depends on the investment s they made during their youth and their innate
abilities, as determined by the simplified Ben-Porath technology H(s,Θ) = θ1−α

k sα with

14Compared with the quantitative model, the simplified model abstracts from the role of the stochastic
shocks, taxes, retirement, occupation specific amenities, the particular structure of student debt markets,
and general equilibrium price effects.
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full depreciation. Households choose their occupation at the beginning of their youth in
order to maximize discounted lifetime utility,

k∗(ay,Θ) = argmax { V1(ay,Θ) , V2(ay,Θ) }

3.1 Intertemporal Distortions to Human Capital Accumulation

In the absence of credit constraints, households optimally invest in human capital accu-
mulation until the marginal return on investment equals the return on physical capital,

∂H(s∗,Θ)

∂s
= 1 + r

where s∗ is the optimal human capital investment in the absence of credit frictions. The
expression is an example of the classic arbitrage condition derived from the first order
conditions for household human (s) and physical (ao) capital investment. The condition
clarifies that in the absence of credit frictions, household investment in human capital
depends only on their abilities Θ and not their initial assets ay. To see this directly,
substitute in the education technology to solve for the optimal human capital investment

s∗(θ) =

[
α

1 + r

] 1
1−α

θ

which is determined only by the household’s occupation-specific ability, θ.

When credit constraints bind, households discount future income streams at a shadow
rate that is greater than the market interest rate 1+ r. Unable to borrow in financial mar-
kets, households instead invest less in human capital as an alternative form of consump-
tion smoothing. Formally, when the borrowing constraint binds, households optimally
invest in human capital until the marginal return equals the shadow rate of borrowing,
1 + rc, so that

∂H(sc,Θ)

∂s
> 1 + r

where sc(ay,Θ) is the optimal investment for a constrained household.15 Unlike the
unconstrained case, the investment policy sc(ay,Θ) now depends on both individual
abilities and initial assets. This is because initial assets partly determine the shadow

15The household shadow rate is given by the implied interest at which the household consumption-
savings profile would lie on the Euler Equation. For constrained households, 1 + rc ≡ u′(cy)

βu′(co)
> 1 + r. As

a result, the shadow rate varies across households and across occupations for a given household.
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interest rate a household faces when borrowing constraints bind. Moreover, since the
education technology is concave in its inputs, it is straightforward to show that this
leads to a reduction in the overall investment in human capital, so that sc < s∗.

This reduction in human capital investment acts as another mode of consumption smooth-
ing by shifting the household lifecycle income profile to front-load earnings. Specifically,
the decrease in human capital investment restores foregone earnings, resulting in higher
current income

wk(1− sc) > wk(1− s∗)

but lower returns to experience

H(sc,Θ)

1− sc
<

H(s∗,Θ)

1− s∗

In other words, reduced investment in human capital leads to a larger share of life-
time earnings to be realized during youth, even when borrowing constraints are bind-
ing. However, this method of consumption smoothing is much costlier than borrowing
through financial markets (e.g. rc > r) and results in foregone human capital accumula-
tion that lowers labor productivity and overall lifetime earnings.

3.2 The Misallocation of Talent

Credit frictions may also inhibit human capital accumulation by distorting household
occupation choice. When the ability to borrow against future income is limited, house-
holds may switch away from occupations with higher lifetime earnings in favor of those
with more front-loaded compensation schemes. In other words, constrained households
will favor high wage w occupations, which offer the greatest opportunity to maximize
current income, over high ability θ ones providing the greatest opportunity for future in-
come growth. The result is a misallocation of talent whereby credit constraints lead some
workers to select into occupations that are not optimally matched to their abilities. The
more constraints bind, the less the sorting of workers reflects comparative advantages in
ability Θ, and the greater the loss in aggregate labor productivity and lifetime earnings.

For intuition, consider the household occupation choice problem when both occupations
offer the same wage, w1 = w2 = w. In this case, households optimally sort into the
occupation corresponding to their highest ability, so k∗(Θ) = argmax {θ1, θ2}. This is true
for both borrowing constrained and non-constrained households since, in the absence
of occupational wage dispersion, there is no margin outside of individual ability θ that
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individuals can trade-off when moving across occupations. As a result, workers sort
across occupations based strictly on their comparative advantage in ability Θ.

When occupation wages differ, unconstrained households will continue to sort based on
their comparative advantage while accounting for the difference in market prices. In the
absence of credit frictions, unconstrained households perfectly smooth consumption so
that lifetime utility is monotonic in the present discounted value of lifetime earnings. As
a result, the occupation which maximizes lifetime utility corresponds to the one which
generates the greatest lifetime earnings. Given wages wk and the investment policy
s∗(θk), the optimal occupation choice for unconstrained households can be expressed

k∗(Θ) = argmax
{
w1

[
1− s∗(θ1) +

h∗o(θ1)

1 + r

]
, w2

[
1− s∗(θ2) +

h∗o(θ2)

1 + r

] }
where h∗o(θk) =

[
α

1+r

] α
1−α θk is the human capital in old age for a household which in-

vested optimally during their youth. The expression makes clear that the unconstrained
household’s occupation choice continues to depend only on their innate comparative
advantage in abilities Θ, and not their initial assets ay.

Constrained households additionally consider the timing with which income is realized
over their lifecycle when choosing their occupation. As a result, occupations which
yield the highest lifetime utility are not necessarily those which offer the highest lifetime
earnings. For instance, constrained households may prefer an occupation with lower
lifetime earnings provided income is concentrated earlier in life. The optimal occupation
choice for the constrained household can be expressed

kc(ay,Θ) = argmax
{
u
(
ccy (ay, θ1)

)
+ βu (cco (ay, θ1)) , u

(
ccy (ay, θ2)

)
+ βu (cco (ay, θ2))

}
where ccj(ay, θk) is the optimal consumption policy of a financially constrained house-
hold of age j working in occupation k. The expression shows that, unlike unconstrained
households, occupation choice kc(ay,Θ) depends on both household initial assets ay as
well as abilities Θ.

One implication of the different sorting rules is that credit constraints can give rise to a
misallocation of talent that leads individuals to switch away from the occupation best
suited to their abilities. To see this explicitly, substitute the optimal investment policy
s∗(θ) into the unconstrained sorting rule k∗(Θ). Given a realization of occupation specific
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abilities Θ = {θ1, θ2}, the condition reduces to choosing occupation 1 if

θ1 >
w2 − w1

κw1

+
w2

w1

· θ2 (1)

where κ =
(

1
1+r

) 1
1−α

[
α

α
1−α − α

1
1−α

]
> 0.16 Similarly, evaluating the lifetime utility re-

ceived in each occupation under constrained investment policy sc(ay, θ) shows that the
sorting rule in kc(ay,Θ) reduces to choosing occupation 1 if

θ1 >

(
w2 + ay
w1 + ay

) 1+αβ
(1−α)β

· w2

w1

· θ2 (2)

where notation is simplified by assuming logarithmic utility, u(c) = log(c).

Comparing the sorting rules for constrained and unconstrained households shows that
there are some individuals Θ = {θ1, θ2} who would switch occupations when credit
constraints bind. For instance, if occupation 2 offers a higher wage, w2 > w1, then
there will be some workers who choose occupation 1 in the absence of credit constraints,
but choose occupation 2 when financially constrained.17 The constrained sorting rule
also demonstrates how the level of initial assets shapes occupation choice within the
constrained population: the lower their initial assets ay, the more likely an individual
is to select into the high wage occupation. For instance, when w2 > w1 a decrease in
initial assets ay will increase the right hand side of the constrained sorting rule, raising
the ability threshold for households to select into the low wage occupation 1.

The sorting rules also demonstrate how the macroeconomic consequences for labor pro-
ductivity and earnings profiles depend on the joint distribution of assets ay and abilities
Θ in the population. In part, this reflects the fact that whether or not a household is fi-
nancially constrained may itself depend on their occupation choice. Recall that financial
constraints bind when a household’s desired level of borrowing, a∗o(ay,Θ), surpasses the
exogenous borrowing constraints ā, which amounts to

β

1 + β
[ay + wk(1− s∗)]− 1

(1 + β)(1 + r)
wkho(s

∗, θk) < −ā

16The condition is economically intuitive: it is optimal to choose an occupation offering a lower wage
only if one has sufficiently high ability to nevertheless generate greater lifetime earnings.

17To see this more directly, note that the occupation sorting rule for constrained households is a line
passing through the origin with slope greater than w2/w1. This implies that the slope of the sorting rule
in Θ space is steeper when individuals are constrained than when they are not constrained.
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The expression shows that the extent to which credit constraints bind depends not only
on a household’s initial assets, ay, but also on their occupational wage wk which deter-
mines their current income, and on their occupational ability θk which determines their
future income. This means a household can be financially constrained while working
in one occupation, but not in another. The expression also implies that–for every asset
level ay–there exists an occupation-specific ability cutoff θ̄k such that all workers with
ability θk > θ̄k are credit constrained. Plugging in the optimal investment policy, the
cutoff can be solved explicitly as

θ̄k =
β(1 + r)

1
1−α

α
1

1−α + α
α

1−α

(
1 +

ay
wk

)
The cutoff reflects the fact that higher ability individuals expect faster income growth
over their lifecycle, and hence have the greatest desire to borrow for consumption smooth-
ing. It also shows that the lower a household’s initial assets, ay, the lower the ability
cutoff θ̄k at which they become constrained. The effect is intuitive since a reduction in
initial assets will increase a household’s desire to borrow against future income, espe-
cially when that future income now constitutes a greater share of their lifetime wealth.

Figure 2 illustrates how the joint distribution of assets and abilities determines the ag-
gregate misallocation of talent. Conditional on an initial level of assets ay, it depicts the
population of workers who switch occupations because of credit frictions. The cutoffs
θ̄1 and θ̄2 are defined as above, indicating the regions where credit constraints bind in
each occupation. The lower red border of the shaded region corresponds to the un-
constrained occupation sorting rule in (1); the upper black border corresponds to the
sorting rule in (2) when credit constraints bind. The shaded region represents the pop-
ulation of misallocated workers who switch from occupation 1 to occupation 2 in the
presence of credit constraints. Consistent with the discussion above, misallocation is
most prominent among the high ability population. In contrast, the low ability θ < θ̄k

population always choose their occupation according to the unconstrained rule, as they
do not expect much earnings growth over their lifecycle.18

The misallocation region depicted in Figure 2 is conditional on a particular level of ini-
tial assets ay. Moving across the household wealth distribution, both the cutoffs θ̄k and
the frontier of the constrained sorting rule in (2) will shift, changing the size of the misal-

18Since w2 > w1, there is an additional population whose occupation choices are distorted because they
become constrained in occupation 1 θ1 > θ̄1 but not occupation 2, θ2 < θ̄2, and so switch to the latter like
other constrained households.
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Figure 2: Misallocation of Talent

Notes: This figure illustrates how the misallocation of talent depends on an individual’s abilities, for a
given initial asset ay . Occupation 2 is assumed to offer higher wages, w2 > w1.

located population. As discussed above, a reduction in wealth ay will reduce the ability
cutoffs θ̄k and shift out the constrained sorting frontier (the black line), both of which ex-
pand the region of misallocated workers. Computing the total population of constrained
households therefore requires knowing the share of workers that fall into each of these
misallocation regions, and then aggregating over the household wealth distribution.

The following sections turn to quantifying the size of the aggregate misallocation of
talent in the full model. While the core mechanics are the same, the interactions of
human capital accumulation and credit frictions are more detailed and nuanced in the
quantitative model. One difference is that the distinction between constrained and un-
constrained households is less stark in the full model. With stochastic human capital
accumulation, all forward looking households will anticipate hitting the borrowing con-
straint with some probability. The behavior of households in the full model is therefore
best thought of as a weighted average of the two stark types in the simplified model.
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4 The Empirical Evidence

This section reviews direct evidence of the model’s central mechanism. It provides
reduced-form empirical evidence that the trajectory of lifecycle earnings is affected by
the presence of student debt. The estimation employs panel data from the National
Longitudinal Survey of Youth 1997 (NLSY 1997) and an instrumental variable design to
estimate the impact of student debt on both initial earnings and returns to experience
after graduation. The results provide identifying power for the model’s parameters as
they contain information on the marginal effect of varying a household’s initial debt on
their earnings profile. The calibration strategy in Section 5 combines these estimated
marginal effects with information on the joint distribution of assets and abilities in the
population to discipline the size and sensitivity of the treatable population which drives
macroeconomic outcomes.

4.1 Data Sources

The primary dataset is the NLSY 1997, an individual-level panel dataset that contains
information on higher education, student debt, and labor market outcomes. Our sample
follows individuals from 1997 through 2015. Given the focus on earnings outcomes, the
main analysis restricts attention to full-time, full-year workers whose highest level of
education is a bachelor’s degree.19 Summary statistics are provided in appendix Table
A1. The NLSY transcript surveys also provide detailed information on how individuals
finance their time in college. Table A2 summarizes this data and compares the compo-
sition of education financing for students with and without student debt.

Using the NLSY, we instrument for student debt using variation in the share of grant
funding across cohorts within a college, and measure how incremental debt impacts la-
bor market decisions and lifetime earnings trajectories. To construct the instrument, we
have accessed restricted-use data that identifies NLSY participants’ educational institu-
tions. Using the college identifier, we merge in information from the National Center
for Education Statistics (NCES) on the amount of loans and grants awarded at a given
college in a given year.20

19Full-time, full-year status includes those working at least 35 hours a week for at least 40 weeks a year.
Robustness exercises in Section 4.3.1 report the sensitivity of the main results to these sample restrictions.

20For the details on how we constructed student debt and grant variables, see Appendix B.
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4.2 Instrumental Variable Design

To estimate the effect of student debt on an individual’s initial earnings and subsequent
returns to experience, we employ the following empirical design

yit = α0 + β Xit︸ ︷︷ ︸
initial (log) earnings if no student debt

+ α1Expit︸ ︷︷ ︸
returns to experience if no student debt

+

α2SDi︸ ︷︷ ︸
effect of student debt on initial (log) earnings

+ α3SDi × Expit︸ ︷︷ ︸
effect of student debt on returns to experience

+ ϵit (3)

where yit is annual log earnings of individual i in year t. The variable SDi denotes total
student debt at graduation and Expit denotes years of experience. The Xit represent
additional controls, including year fixed effects; demographic fixed effects for race, age,
and sex; initial occupation and occupation interacted with years of experience; and fixed
effects for college attended and matriculation cohort.

The goal is to recover an unbiased and consistent estimate of α2 and α3. The effect
of student debt on initial wages is measured by α2. The effect of student debt on the
returns to experience is measured by α3. There are potential challenges to estimating
equation 3 using OLS. For instance, there may be a correlation between the level of debt
an individual takes on and the individual’s unobservable ability or human capital. This
bias can go either way. Individuals with high ability may expect to have higher future
wage growth and so decide to borrow more today to smooth consumption over time,
leading to an upward bias in α2. On the other hand, debt may be positively selected.
For instance, low ability individuals may come from low income households, who are
unable to provide parental support for their child’s education. This shows up as higher
borrowing for the low ability individual, leading to a downward bias in α2 and α3.21

To address these identification challenges, we estimate the impact of student debt on
earnings using a school-cohort level instrumental variable. The instrument construction
follows that used in Luo and Mongey (2024) – it is defined as the share of grant funding,
out of all grant and federal student loan funding, issued by a college c in a given year t.

21These challenges to identifying a causal impact of student debt on earnings are also highlighted by
Field (2009), Rothstein and Rouse (2011), Chapman (2015), Luo and Mongey (2024). These papers use
variation in forgiveness of debt and/or variation in grants within a school across cohorts to instrument
for student debt. Like us, their identification comes from comparing cohorts within the same school, when
these cohorts within the school differ in terms of grants received.
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Specifically, the instrument is given by

Zc,t =
total grantsc,t

total grantsc,t + total loansc,t

Each individual is then assigned an instrument Zi =
1

|Ti|
∑

t∈Ti
Zc,t which averages over

the years t ∈ Ti that an individual was enrolled in college c.22 The instrument utilizes the
fact that students must fund their college tuition costs through a combination of parental
funding, grants, work study aid, and student loans. While parental funding is specific
and fixed at the student level, grant funding can vary significantly at the college-year
level. As shown in Luo and Mongey (2024), variation in grant funding is substantial
both across and within institutions and years.

Intuitively, the instrument captures the fact that when colleges have less to award to
students in the form of grants, students must make up the remaining gap in funding
using student loans. The exogeneity assumption relies on the fact that yearly variation
in the total amount of grant funding available at a college is unrelated to the ability (or
other unobserved characteristics) of any given student at that college. However, to meet
the relevance assumption, this variation in grant funding must also create a meaningful
change in the amount of student debt that students take out.

Table A3 shows how shifts in the grant share instrument impacts individual student
debt and the composition of their college financing, conditional on college and cohort.
The results show that a one standard deviation increase in the grant share is associated
with a -$3,172 reduction in student debt, equivalent to roughly 15% of average debt
balances. Importantly, changes in grant funding are compensated for almost entirely by
changes in student debt, not other sources of funding. As the table shows, while the
level of student debt decreases almost one-for-one with the increase in grant funding,
other forms of financial support remain largely unchanged. Average tuition rates also
remain largely the same. This precise substitution between loans and grants is important
as it allows the estimation procedure to isolate the impact of an increase in student debt
on future earnings, absent the potential confounding effects of other concurrent changes
in financial aid or educational expenditures.

Another concern is that changes in the instrument may be correlated with other educa-

22If individuals attended more than one college c, the instrument averages over grant shares in both
colleges based on the years of attendance at each. Formally, Zi =

1
|Ti|

∑
c∈Ci

∑
t∈Ti(c)

Zc,t, where Ci is the
set of colleges attended by individual i and Ti(c) is the set of years individual i spent at college c.
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tional inputs that can also influence student debt and earnings, such as student ability
or parental characteristics. A key assumption of the empirical model is that, condi-
tional on student and college characteristics, variation in the grant share is unrelated to
these other inputs. This assumption rules out, for example, the sorting of low-ability
(or high-ability) students into colleges with higher (or lower) grant shares. Table A4 in-
vestigates these concerns by checking if, conditional on college and cohort, variation in
the college grant share instrument is correlated with student ability (ASVAB score), high
school GPA, parental income and net worth. The results do not show any meaningful
association between the instrument and these other factors.23 The table also examines
if variation in the instrument is correlated with selection into the main sample by influ-
encing college completion rates, post-graduate educational attainment, or employment
status. Again, the results show no significant evidence that the instrumental variable
predicts selection into the sample. While not a definitive proof, the results suggest the
model’s key identifying assumptions are reasonably justified.

4.3 Estimated Impact of Student Debt on Lifecycle Earnings

This section employs the instrument to investigate how graduating with more student
debt shapes an individual’s lifetime earnings profile. Table 1 reports the estimated co-
efficients α2 and α3 which summarize the effect. In most specifications and robustness
exercises, the estimated coefficient α2 is positive and α3 is negative. The coefficients im-
ply that individuals graduating with more student debt have higher initial earnings, but
subsequently lower returns to experience. In the fully specified model, a $1, 000 increase
in student debt leads to a 1.50 percent increase in initial earnings and a −0.41 percent-
age point decline in the annual returns to experience. The directions of the estimated
effects are consistent with the theory on student debt’s intertemporal distortions to hu-
man capital accumulation discussed in Section 3. The magnitudes provide informative
restrictions on the net effect of student debt in the quantitative model.

To better understand the role of the instrumental variable, Table 1 reports both the ordi-
nary least squares (OLS) and instrumental variable (IV) estimated coefficients. To pro-
vide insight into the contribution of the controls, results are reported constructively by
cumulatively adding covariates until the fully specified model in the final column (4).

23Only the ASVAB scores show a statistically significant association, and the magnitude of the effect
is small, with a one standard deviation increase in the grant share being associated with a 4 percentage
point increase in ASVAB percentile.
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Table 1: Estimated Impact of Student Debt on Earnings

Ordinary Least Squares Instrumental Variable

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

Log Initial Earnings (α2) -0.09 -0.14 -0.05 -0.14 2.48 2.06 1.50 1.50
(0.05) (0.03) (0.06) (0.07) (2.40) (1.73) (1.47) (0.50)

Returns to Experience (α3) -0.03 -0.02 -0.02 -0.03 -1.02 -0.94 -0.65 -0.41
(0.01) (0.01) (0.01) (0.02) (1.01) (0.84) (0.23) (0.21)

Number of Observations 6360 6319 5903 5633 5985 5946 5548 5548
R-squared \ F-statistic 0.26 0.30 0.46 0.63 23.30 9.73 4.52 10.90

Year Fixed Effects (FE) x x x x x x x x
Demographic FE x x x x x x
Occ and Occ x Experience FE x x x x
College and Cohort FE x x

Notes: The dependent variable is log annual earnings. The coefficients report the effect of a $1000 increase in
student debt. The sample includes all full-time, full-year workers with a bachelor’s degree. The regression R-squared
are reported for OLS results. The first stage F-statistics for student debt are reported with the IV results. For
transparency, estimates are reported cumulatively as controls are added until the fully specified model in column
(4). Table A5 reports results when covariates are included one at a time. See Appendix B for additional details.

For completeness, appendix Table A5 reports results for specifications when each set of
covariates is included one at a time, rather than cumulatively.

The first four columns of Table 1 report the OLS estimates of α2 and α3. In both the
partially and fully specified regressions, the estimates show that more student debt is
associated with small reductions in both initial earnings and the returns to experience.
In the full specification (4), a $1000 increase in student debt is associated with a −0.14

percent reduction in initial earnings and a −0.03 percentage point decline in the returns
to experience. The estimates are only marginally significant around the 10% threshold
and their magnitudes appear economically inconsequential.

The remaining columns of Table 1 report the instrumental variable estimates of α2 and
α3. Across the specifications, the IV coefficient estimates are an order of magnitude
larger than the OLS results. The sign of the effect on initial earnings is also flipped from
negative to positive. Similar changes in the sign and statistical significance of initial
earnings effects after instrumentation also appear in several other empirical studies of
student debt (for example, see Rothstein and Rouse 2011). To the extent that the IV is
well-identified, the magnitude of the difference in the coefficient estimates suggests that
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the size of the bias in the OLS estimation may be quite large.

The first column reports coefficient estimates when the control variables Xit include
only year fixed effects. The second column adds demographic controls by including
fixed effects for individual age, race, and sex. Comparing columns (1) and (2) in the IV
segment suggests the results are not driven by differences in the incidence of student
debt across sex, race, or age sub-populations. Both yield estimates that show a positive
effect on initial earnings (α2 > 0) and a negative effect on earnings growth (α3 < 0),
though neither is statistically significant.

The third column adds fixed effects for initial occupation choice and the interaction of
these fixed effects with years of experience. These occupational controls allow for the
possibility that the estimated effects on earnings are the result of differences in the oc-
cupational sorting of students with and without student debt. Though not a formal
decomposition, comparing columns (2) and (3) suggests that differences in occupation
choice may account for roughly a quarter of the estimated effects.24 The estimated effect
on initial earnings falls from 2.06 to 1.50 while the impact on returns to experience de-
clines from -0.94 to -0.65 and becomes statistically significant. The results suggest that
the effect of student debt on lifecycle earnings profiles has both a within-occupation and
a between-occupation component.

The final column (4) completes the empirical model by including college and college
cohort fixed effects.25 The purpose of these controls is to isolate variation in student
debt that is independent from potentially confounding variation in college and student
types. The aim is to rule out the possibility that the results are driven by the sorting of
low-ability (or high ability) students into colleges with higher (or lower) grant shares.26

The results show that including college and college cohort fixed effects strengthens the
instrument and leads the estimated coefficients to become statistically significant. The
outcome suggests that accounting for college heterogeneity and the sorting of students
is crucial for addressing the underlying bias.

In the fully specified model (4), an additional $1,000 of student debt leads to a 1.50%

increase in initial earnings and a −0.41 percentage point reduction in subsequent returns

24Table A5 shows that including the occupational controls has a similar proportional effect on the esti-
mated α2 and α3 coefficients when they are considered in isolation, without other controls.

25Cohorts are defined by admission year, to account for the peers among which they were selected.
26For example, without these controls the estimation could attribute differences in the starting salaries

of graduates from any two colleges, say Harvard and the University of California, entirely to differences
in student debt across graduates from the two schools.
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to experience. Both estimates are statistically significant at the five percent threshold. To
interpret the magnitudes, the effect on initial earnings corresponds to an additional $342
in annual earnings upon graduation for every $1000 of additional debt. Despite working
with a different sample and data source, the estimated effect of student debt on initial
earnings is very similar to what others have documented in the literature. For example,
Rothstein and Rouse (2011) and Luo and Mongey (2024) estimate an initial earnings
effect around $200, while Chapman (2015) documents a $400 to $800 effect.

The estimated impact of student debt on annual earnings growth also appears consis-
tent with the literature, though there are far fewer comparable studies. The most closely
related estimates are provided by Folch and Mazzone (2026) who use a similar instru-
mental variable strategy to study long-run earnings outcomes in the Baccalaureate and
Beyond Longitudinal Study. Their results imply that an additional $1000 in student
debt leads to an average -0.25 percentage point decline in earnings growth, which lies at
the lower end of the estimated confidence interval here.27 The magnitude of the effect
also appears significant given the average earnings growth of early career workers. For
instance, Guvenen et al. (2021) employ IRS administrative data and estimate that the
annual earnings growth of all 25 to 30 year-olds in the United States is 7.75%.28 Within
sample, the estimates here imply that the lower returns to experience erase the initial
earnings advantage of those with student debt after roughly 5 years.

4.3.1 Additional Robustness

The benchmark sample places two strong restrictions on the population data by focus-
ing on full-time, full-year workers whose highest level of educational attainment is a
BA degree. These restrictions yield a well-behaved subpopulation representing the bulk
of the college workforce that helps isolate the impact of student debt on human capital
and occupation choice. However, they omit any effect that student debt may have on la-
bor supply or graduate education. This raises concerns given that an existing literature
shows that both margins can depend on debt in a variety of ways. In this case, the sam-
ple restrictions may lead to selection based on outcomes that are themselves influenced

27More specifically, Folch and Mazzone (2026) report that a $2,364 increase in student debt leads to a
-5.3% reduction in earnings ten years after graduation. Rescaling the results implies an annual effect of
100 ∗ (1− (1.0224)1/9) = −0.246 percentage points per year. The authors also document that student debt
leads to a 3.6% rise in initial earnings, roughly double the size of the effect estimated here.

28Though this number includes both high school and college graduates, which also likely exhibit sig-
nificant between group variation in early career returns to experience. Within our sample, the average
returns to experience is 6.59% for 25-30 year-olds and 11.87% over the entire 22-35 estimation window.
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by student debt, potentially biasing the conclusions.

To investigate these concerns, Table A6 reports robustness estimates of the full empir-
ical model when the sample restrictions on employment status are relaxed. The main
estimation focuses on individuals who worked an average of at least 35 hours per week
for at least 40 weeks per year. The table shows how the coefficients change when the
restrictions on hours, weeks, or both are removed. It also reports results with tighter
labor market restrictions on hours and weeks worked. Across the specifications, the re-
sults continue to show positive point estimates for initial earnings and negative effects
on returns to experience. Estimates of the initial earnings coefficient range from 0.17 to
2.50, though their statistical significance is highly sensitive to lower bound restrictions
on hours worked. In contrast, the estimated effect on the returns to experience appears
to be relatively robust with statistically significant estimates ranging from -0.66 to -0.38.

Table A7 reports the coefficient estimates when sample restrictions on educational at-
tainment are removed so as to include those with masters, professional, and PhD de-
grees in the sample. The table reports results for the benchmark model as well as for
augmented specifications that include additional fixed effects for post-graduate educa-
tion and its interaction with years of experience. The point estimates of the effect on
returns to experience are nearly identical to the main results, but they are no longer sta-
tistically significant when including those with graduate and professional degrees. The
initial earnings effect continues to be positive, but is an order of magnitude larger than
in the benchmark sample.29

While broadly consistent with the main findings, these results should be interpreted
with caution. First, the estimates are relatively imprecise in part because the post-
graduate population in the data is relatively small given the richness of the empirical
model (see Table A8). Second, the F-statistics indicate that the grant share is a weak
instrument in the expanded sample with post-graduates. The instrument’s weakness
in the expanded sample is perhaps not so surprising given the substantial diversity in
education financing arrangements across graduate programs and professional schools.
Therefore while variation in a college’s grant share may be a crucial determinant of stu-
dent debt for undergraduates, it may be less relevant for those who enrolled in profes-

29One interpretation of this much larger initial earnings effect is that those who anticipate pursuing
graduate degrees may accept jobs with initial lower earnings in order to prepare themselves for higher
education. Since those with student debt are less likely to pursue graduate education (Zhang 2013;
Chakrabarti et al. 2022; Folch and Mazzone 2026), the estimated effect of student debt on initial earnings
now also captures early career earnings changes in anticipation of graduate enrollment.
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sional or graduate programs. A more complete model would account for the sequential
nature of degree decisions and the heterogeneity in financing and employment oppor-
tunities across branches of the higher education system.

A final concern is whether the set of colleges attended in the NLSY sample is representa-
tive of US higher education. Table A9 compares the characteristics of colleges attended
in sample to the student-weighted US college averages. It shows that individuals in
sample are more likely to attend smaller, private colleges which are more focused on
undergraduate education. These colleges also provide slightly more student loans and
grants overall compared to the U.S. average, but proportionally the college level grant
shares are nearly identical.

A related question is whether, given the relatively small cross-section of graduates in the
NLSY, the data provides sufficient power to estimate the college level fixed effects. For
instance, 53.6% of survey respondents in the main sample – representing 19.6% of all
observations – are the sole attendee at their college. To investigate the effect of this spar-
sity, Table A10 reports estimation results for the fully specified model and robustness
variants after replacing the college fixed effects with a parsimonious set of college char-
acteristics. These characteristics include an indicator for public or private status, college
size measured by full-time equivalent (FTE) student enrollments, and the B.A. share
of all degrees conferred to measure undergraduate institutional focus.30 Re-estimating
the fully specified model with college characteristics shows that a $1000 increase in stu-
dent debt leads to a 2.27% rise in initial earnings and a -0.52 percentage point decline in
the returns to experience. The estimates are statistically significant and comparable in
magnitude to the fully-specified benchmark model, suggesting that the results are not
unduly influenced by sparsity in the college data.

4.4 The Role of Occupation Choice

The instrumental variable analysis finds that student debt leads to more front-loaded
earnings profiles, both within and between occupations. To better understand the lat-
ter, this section investigates how realized age-earnings profiles differ across occupa-
tion groups. Occupation-specific earnings trajectories are summarized using traditional

30These covariates capture the most differentiated margins between in-sample colleges and the average
U.S. college (see Table A8) and have the added benefit of being plausibly independent of unobserved
student characteristics within schools.
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earnings regressions fit separately for each occupation where,

Earningsit = β0,j + β1,jExpit + β2,jXit + ϵit. (4)

and all regression coefficients are allowed to vary across occupations j. The Xit in-
clude additional individual level control variables that may influence the realized cross-
sectional income variation within and between occupations, including race, gender, re-
gion where the respondent resides, year and industry fixed effects.31 The estimation
encompasses the same sample population used in the regression analysis.

The results show a strong negative correlation between initial earnings and subsequent
earnings growth across occupations. Figure 3 illustrates the point by plotting the initial
earnings and returns to experience implied by the estimated coefficients β0,j and β1,j . It
shows that there exists a statistically significant negative relationship between an occu-
pation’s initial earnings after graduation and its average yearly growth rate.32 The sub-
stantial cross-occupation variation in earnings profiles suggests that the marginal con-
strained household may have ample opportunity to intertemporally trade-off income
by moving across occupations. The results are consistent with the conditions necessary
for credit constraints to cause a misallocation of talent within the model.

It is worth noting again that these are equilibrium earnings trajectories, which encom-
pass endogenous decisions such as labor supply, human capital investments, and occu-
pational sorting. Nevertheless, while these age-earnings profiles are likely not exoge-
nous (e.g. unaffected by the sorting of individuals with different debt or ability levels
into certain categories), they do help explain the between occupation effect of student
debt. The variation in occupational earnings profiles determines, in part, the scope of
adjustment available to the marginal misallocated individual. Within the model, these
realized cross-sectional differences in earnings must also be internally consistent with
equilibrium occupational sorting and human capital investments. For these reasons, the
calibration strategy includes these cross-occupation moments as targets for the quanti-
tative model alongside the instrumental variable results estimated above.

31Appendix B provides additional details on the data and variable construction.
32The cross-sectional correlation does not meaningfully change if a quadratic term in experience is

added to the wage regression. This is likely due in part to the fact that our sample contains only young
workers under 40.
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Figure 3: Initial Earnings and Earnings Growth by Occupation
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Notes: The figure plots the estimated earnings function coefficients from equation (4) for each three-digit
occupation. Y-axis values correspond to the estimated β0,j and X-axis values correspond to β1,j . Table
A11 in the appendix reports the underlying regression coefficients.

5 Calibration Strategy and Model Fit

The goal of the quantitative model is to assess the aggregate consequences of intertem-
poral distortions to human capital and occupation choice resulting from student debt.
As the discussion above explains, credibly doing so requires identifying the size and
scope of the population holding student debt as well as the extent to which these debts
affect their occupational choice and earnings decisions. The first requires matching the
realized distribution of student debt across households, accounting for the fact that
the population holding debt will not be random, but rather determined endogenously
through the college matriculation choice. The second requires matching the estimated
IV marginal effects of student debt on household earnings (i.e., α2, α3) and how workers
differentially sort themselves across the heterogeneous occupations (i.e., Figure 3).

The following sections discuss how the model’s parameters are tuned in accordance
with this calibration strategy. While all the parameters will jointly determine the model’s
ability to match the data, each set of parameters is discussed in conjunction with their
most closely associated data targets to help build intuition. Tables 2, A11, and 3 report
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the internal calibration targets and model fit. Table 2 summarizes college matriculation
patterns and the distributional properties of student debt. Table A11 reports occupa-
tional employment shares and earnings heterogeneity across occupations. For ease of
exposition, Figure 4 displays these targets graphically within the text. Table 3 contains
the indirect inference targets and summarizes the model’s ability to match the empirical
evidence on the marginal effects of student debt estimated in Section 4. Table 4 summa-
rizes the externally calibrated parameters.

College Matriculation and the Distribution of Student Debt. Modeling college ma-
triculation is crucial since it will determine endogenously the population who choose to
take on student debt and attend college. Identifying this population, and how it might
change under various counterfactuals, is crucial for understanding the aggregate conse-
quences of student debt. The model captures these mechanisms by jointly replicating in
equilibrium how college matriculation rates and student debt vary across the household
wealth distribution.

Recall that, to account for the variety of circumstances determining an individual’s
access to student financial-aid and family assistance, the model allows college admis-
sion offers to depend stochastically on household characteristics. After graduating high
school, each household receives an admission offer of the form {x, τ}, which require stu-
dents to take on debt d = (1 − x)τ to receive their degree. Given that the empirical
distributions of student debt and household assets appear log normal, the calibration
parameterizes the distribution of latent admission offers τ by a0

τ

 ∼ LN

 µa

µτ

 ,

 σ2
a ρaτ

ρaτ σ2
τ


where ρaτ is the correlation between a household’s initial assets and the student debt it
needs to take on in order to complete college. The extensive margin of student debt is
captured by the Bernoulli random variable x which equals one with probability px.

The associated parameters px, µa, µτ , σ
2
a, σ

2
τ , ρaτ are jointly set in the internal calibration

so that the model replicates (i) the marginal distribution of student debt (mean and vari-
ance) (ii) the marginal distribution of initial household assets (mean and variance) (iii)
the share of college graduates without any student debt, (iv) the correlation between re-
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alized student debt levels and initial household assets. Panel (B) of Table 2 summarizes
the internal calibration targets and model fit.

It is important to note again that these parameters generate the latent student debt dis-
tribution, while the realized student debt distribution will depend on households’ en-
dogenous selection into college after observing admission offers.33 In addition to stu-
dent debt, the decision to matriculate will depend on the returns to a college education.
These in turn depend on market prices (e.g. the college wage premium), individual abil-
ities Θ, human capital h0, and whether the household has sufficient financial assets to
avoid being constrained after graduation. The resulting selection into college will shape
the model’s equilibrium joint distribution of talents and assets, one of the key objects
determining the aggregate consequences of student debt on earnings (see Section 3).

To discipline the selection into college, the calibration matches (i) college completion
rates by household asset quintile and (ii) the average difference in lifecycle earnings for
high school and college graduates (e.g. the college wage premium, returns to experi-
ence).34 Panel (A) of Table 2 summarizes the internal calibration targets and model fit.
The associated parameters include the aggregate productivity of high school and college
labor, Ahs and Ac, the distribution of high school ability θ0, and the distribution of the
college taste shock ζ .

To match these targets, the calibration abstracts from heterogeneity in high school abil-
ity and sets θ0 to a common value for all households to match the average observed
earnings growth for high school graduates. The aggregate productivity of high school
labor, Ahs, is set to generate a 43% college wage premium, as in Daruich and Kozlowski
(2020).35 Finally, given earnings, the college taste shock ζ is calibrated to match college
completion rates. To capture the non-linearities in the data, the college taste shock is al-
lowed to depend on initial assets such that households in asset quintile i draw their taste
shock from the distribution N(0, b2i ). Given the distribution of earnings and occupation
choice, the standard deviations of these taste shocks bi are chosen to exactly replicate
college matriculation rates across quintiles of the household asset distribution.

33The exogenous parameterization of latent admission offers that shape equilibrium student debt is a
convenient reduced form representation of the non-modeled process by which the government, family
members, non-profit institutions, and education institutions determine tuition, grants, and financial aid.

34Note that without college drop-outs, there is no distinction between the college matriculation rate and
college completion rate in the model.

35The college TFP term Ac is normalized to one, e.g. Ac = 1, without loss of generality as it is not
separately identified from the level of occupation specific productivity terms Ak discussed below.

32



Table 2: Internal Calibration Targets on College Matriculation and Student Debt

Data Model

A. College Matriculation, Skill Premium, and Earnings Heterogeneity
College wage premium 43% 42%
High school average returns to experience 4.16% 4.73%
Variance of log earnings at age 23 0.24 0.27
College completion rates by asset quintile 30.59% 30.69%

– First quintile (Q1) 18.40% 18.31%
– Second quintile (Q2) 18.52% 18.80%
– Third quintile (Q3) 26.55% 26.70%
– Fourth quintile (Q4) 35.29% 35.52%
– Fifth quintile (Q5) 54.51% 54.12%

B. Distributional Moments on Student Debt
Mean level of initial assets $18,132 $18,124
Standard deviation of initial assets $21,503 $21,523
Mean level of student debt $21,843 $21,788
Standard deviation of student debt $28,041 $28,503
Correlation between initial assets and student debt -0.15 -0.21
Fraction of BA graduates without SD 40.33% 41.65%

Notes: This table summarizes the internal calibration targets and model fit for the moments pertaining to
college matriculation and the distribution of student debt. See Appendix B for additional details on data
sources and variable construction.

Occupational Sorting and Earnings Heterogeneity. In addition to matching the av-
erage returns to college via the college wage premium, it is crucial that the calibrated
model replicate the occupational sorting of workers and the resulting cross-occupation
heterogeneity in lifecycle earnings. These moments will help identify the aggregate pop-
ulation of constrained households. They also have implications for the size, scope, and
direction of occupational distortions resulting from credit frictions.

To capture these data, the calibration replicates in equilibrium the (i) initial earnings, (ii)
average returns to experience, and (iii) employment share of each occupation. With 22
occupations, these data provide 66 additional calibration targets, to be matched primar-
ily by parameters {Ak, µk, νk}k=1,...,22. Specifically, the level of initial earnings in each
occupation k is matched by occupation-specific productivities Ak. The returns to ex-
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perience in each occupation are matched by the average ability level θk realized in the
population (e.g. before selecting into occupations).36 For tractability, the calibration pa-
rameterizes the population talent distribution for Θ with the log normal distribution

θ1
...

θK

 ∼ LN




µθ1

...

µθK

 ,


σ2
θ · · · 0

0
. . . 0

0 · · · σ2
θ




where µθk governs the average population ability in occupation k and σ2
θ the variance.37

Finally, given lifecycle earnings in each occupation, the corresponding amenity values
νk, common to all workers within an occupation, are chosen to replicate the distribution
of occupational employment shares. The presence of these occupational amenities is one
of the reasons that the cross-occupation correlation between student debt and earnings
profiles will not be perfectly monotone. This is because in addition to having different
valuations of income today versus income tomorrow, constrained and unconstrained
households also differ in the value they assign to non-wage amenities versus earnings,
as discussed at length in Luo and Mongey (2024) and Boar and Lashkari (2025).38

Figure 4 summarizes the data targets and resulting model fit. The position of each oc-
cupation represents its initial earnings (y-axis), average returns to experience (x-axis),
and employment share (bubble size) in the data and the calibrated model. Table A11 in
the appendix reports the corresponding values for all 66 occupational data targets and
model moments.39 The result shows that the model does a good job overall at matching
the sorting of workers and the heterogeneity in lifecycle earnings across occupations. It
is worth noting again that, while there is expositional value in matching particular data
targets and parameters, in practice all the internal calibration targets are jointly deter-
mined in equilibrium. The parameters {Ak, µk, νk}k=1,...,22 therefore do not map directly

36Recall that in the Ben-Porath (1967) model, the level of wages wk do not determine optimal human cap-
ital investment for unconstrained households since they do not affect intertemporal trade-offs. However,
for constrained households, optimal investments do depend on wage levels. See Section 3.

37The calibration of σ2
θ is discussed in the following section. Note that even though there is a common

variance for all occupations, there will still be equilibrium heterogeneity in the variance of earnings across
occupations. These differences will result primarily from the endogenous sorting of workers across oc-
cupations and the scope to which credit frictions affect investment within that occupation. They do not
emerge from heterogeneity in the variance of abilities across occupations.

38Intuitively, households’ marginal value of consumption, and hence earnings, increases as their debts
rise while the utility value of occupational amenities, as often modeled, is invariant to household assets.

39Data targets correspond to those reviewed in Figure 3, augmented to also include employment shares.
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Figure 4: Initial Earnings, Earnings Growth, and Employment Shares by Occupation
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Notes: The figure plots the estimated earnings function coefficients for each occupation in the model and
data. The dashed lines show the associated OLS coefficients summarizing cross-occupation correlations in
earnings characteristics. Model-simulated average amount of student debt by occupation is represented
using differently sized bubbles. Large bubbles have relatively high occupational employment shares.
Appendix Table A11 reports the underlying data targets and corresponding model moments.

to the calibration targets. For instance, Ak influences the wage rate for occupation k

both directly through labor demand and indirectly through its effect on the sorting of
workers and human capital investment in the presence of credit constraints.

Evidence on the Marginal Effects of Student Debt. Until now, the calibration has
sought parameters which, in equilibrium, replicate key distributional characteristics of
the U.S. economy. These population moments are informative in that they place restric-
tions on the potential aggregate impact that student debt can have. In addition to these
distributional moments, the calibration also targets the estimated marginal effects of stu-
dent debt on earnings at the microeconomic level. Matching this evidence restricts how
the individual households, which constitute the model’s micro-foundation, respond to
exogenous changes in student debt. In the context of this analysis, these moments cor-
respond to the instrumental variable estimates in Section 4.

Unlike the distributional moments which correspond to equilibrium properties of the
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Table 3: Internal Calibration Targets on the Marginal Effects of Student Debt

Target for Indirect Inference Coefficient Data Model

IV Effect on Initial Earnings (IE) α̂2 1.50% 1.58%

IV Effect on Returns to Experience (RTE) α̂3 -0.41% -0.31%

Notes: This table reports data targets for indirect inference. It summarizes internal calibration targets
on the marginal effects of student debt and the model fit. The targets include the instrumental variable
coefficients on initial earnings and returns to experience in column (4) of Table 1. The model entries
correspond to the coefficients retrieved from running the benchmark empirical specification on the data
produced by the model simulation. See Data Appendix B for additional details.

economy, the marginal effect targets correspond to household optimal responses to per-
turbations of the equilibrium. To match this evidence, we simulate the first ten years
of each individual’s lifecycle and then regress their log earnings on their student debt,
their years of experience, and the interaction of the two. In other words, we replicate
regression (3) using the simulated data and compare the coefficients to their empiri-
cal counterparts. Through indirect inference, the calibration seeks a parameterization
which results in the simulated policy generating the same average marginal effects on
initial earnings and the returns to experience as in Table 1. The results are presented
in Table 3, which displays the original IV coefficients estimates in the fully-specified
empirical model alongside the coefficients recovered from the model-based regression.

The empirical evidence primarily helps the calibration fit µh0 and σ2
θ through indirect

inference. This is because conditional on matching the other model observables – in-
cluding occupational wages, matriculation patterns, and the joint distribution of assets
and student debt – the average effect of exogenous changes in debt on lifecycle earn-
ings will primarily depend on the household’s initial human capital h0 and the latent
distribution of abilities θ. The dependence of the results on initial human capital h0
is relatively straightforward to see. It primarily helps match the effect of student debt
on initial earnings, summarized by α2. Conditional on matching earnings, a larger h0
implies that a larger share of household earnings is determined by human capital, as op-
posed to effective wages. As a result, changes in human capital investments induced by
student debt will have a larger effect on initial earnings. Moreover, the prevailing level
of human capital also directly influences the responsiveness of further human capital
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investments to debt given the dynamics of the Ben-Porath human capital technology.40

While simply adjusting the level of h0 provides sufficient flexibility for the model to
match the initial earnings effects of student debt, we follow Huggett, Ventura, and Yaron
(2011) and allow for heterogeneity in initial human capital such that h0 ∼ LN(µh0 , σ

2
h0
).

This heterogeneity captures additional differences in household initial conditions and
unobserved pre-college educational investments that are not otherwise accounted for by
the model. To facilitate comparison (see Section 5.1), we fit the distribution of the initial
heterogeneity in human capital, σ2

h0
, to match the population variance of initial earnings

at age 23, as in Huggett, Ventura, and Yaron (2011). The target and model fit are reported
alongside the other earnings moments in Table 2. To fit the empirical evidence on the
marginal effects of student debt on initial earnings, the calibration adjusts µh0 .

The population distribution of ability, σ2
θ , primarily but not exclusively pins down the

estimated effect of student debt on the returns to experience, α3. Since individuals gen-
erally select into occupations in which they have higher abilities, it is the tail of the
ability distribution implied by variance σ2

θ which matters most for how human capital
investments respond to tightening credit constraints. Comparing the optimal invest-
ment rules sc and s∗ in Section 3 illustrates how the average intertemporal distortions to
human capital investments – and hence earnings growth – depends on the distribution
of θ. Similarly, the distribution of θ also determines the mass of households which fall
into the misallocation region displayed in Figure 2.

Externally Calibrated Parameters. Table 4 lists the model’s externally calibrated pa-
rameters and their sources. These parameters predominantly govern (i) the strength
of household consumption-savings incentives, (ii) structural characteristics of student
debt repayment plans, and (iii) the risk and productivity of human capital investments
over the working lifecycle. The household discount factor β and preference parameter
ρ are set to common values from the literature in order for the model to generate rea-
sonable consumption smoothing incentives. The risk free rate, r, is chosen to match the
long-term U.S. interest rate and the interest rate on student debt, rd, is set to the average
interest rate on outstanding student loans according to the National Center for Educa-
tion Statistics. The delinquency consumption floor, c̄, is set to the Health and Human
Services (HHS) poverty threshold, which results in an equilibrium default rate on stu-

40To see this more directly, divide through by current human capital in the Ben-Porath technology to
express the growth rate of human capital as, ht+1/ht = θ1−αhα−1

t sαt + (1− δ).
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Table 4: Externally Calibrated Parameters

Parameter Interpretation Value Source

Household Preferences
β Discount rate 0.985 Standard
ρ CRRA preference parameter 2 Standard

Student Debt Repayment Rule
r Risk-free interest rate 0.040 FRED
rd Student debt interest rate 0.042 NCES
c̄ Delinquency consumption floor ($) 10,000 HHS poverty guideline
T̄ Student debt repayment duration (years) 10 SFRP institutional feature

Human Capital Technology
σz Standard deviation of human capital shocks 0.111 Huggett et al. (2011)
α Returns to scale in human capital tech. 0.7 Huggett et al. (2011)
δ Human capital depreciation rate 0.029 Huggett et al. (2011)

Notes: All parameters are annualized. See Appendix B for additional details.

dent debt below 1.6%. The repayment duration T̄ is set consistently with the standard
federal repayment plan (SFRP) during the sample period.

The structural parameters governing the human capital technology are taken from the
analysis in Huggett, Ventura, and Yaron (2011), who employ the same Ben-Porath for-
mulation to study lifecycle earnings inequality in the United States. The riskiness of
human capital accumulation, σz, is set to reflect the growing dispersion in earnings over
the lifecycle. Parameter α controls the diminishing returns to human capital accumula-
tion, and several studies find evidence for similar values in diverse settings (for exam-
ple, see Ionescu 2009, Lee and Seshadri 2019). The human capital depreciation rate, δ, is
set to match the decline in lifecycle earnings near the end of working life.

Finally, the counterfactual exercises allow individuals to re-optimize their human cap-
ital investments and occupational choices following student debt relief. To capture the
idea that skills are imperfectly transferable across occupations, workers who switch oc-
cupations lose a fraction of their human capital acquired on the job. The calibration
sets this penalty to 20%, the average estimated by Dvorkin and Monge-Naranjo (2019)
across coarse job types in the United States. While a more complete treatment would
parameterize the full bilateral matrix of human capital transferability across all 22 x 22
occupation pairs, such detailed estimates are currently unavailable in the literature.
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5.1 Lifecycle Inequality and Connections to Huggett, Ventura, and Yaron (2011)

The model here builds on the seminal approach in Huggett, Ventura, and Yaron (2011).
It extends their framework along a number of dimensions by including occupational
heterogeneity, multidimensional ability, student debt and college matriculation. The ap-
proach here also pursues a broader calibration strategy that matches a larger set of mo-
ments and empirical evidence on the marginal effects of debt on earnings. One particu-
larly consequential difference is in the calibration of initial household assets. Huggett,
Ventura, and Yaron (2011) calibrate their model so that all young workers begin their life
with zero assets.41 In contrast, the calibration here jointly targets the initial distribution
of household assets and student debt, as in Figure 1, alongside the other distributional
targets. The distinction is important as, in both papers, credit frictions lead the initial
distribution of assets to influence lifecycle earnings.

To contextualize the model extensions and differences in the calibration strategies, this
section recomputes the main exercises in Huggett, Ventura, and Yaron (2011) and com-
pares the results to their original findings. Their main exercise analyzes the sources of
lifetime inequality–in welfare and lifetime wealth–by perturbing the underlying mar-
gins of individual heterogeneity and measuring how much lifetime outcomes change.
Table 5 displays the results by reporting their original findings (HVY) alongside those
derived from the model here (ACK). The table readily highlights their main finding that
the largest factor contributing to lifetime inequality is differences in initial human cap-
ital. Heterogeneity in learning ability contributes much less to lifetime inequality and
differences in initial assets make the smallest overall contribution.

In contrast, the model here finds that differences in initial assets are the most impor-
tant factor explaining lifetime inequality. This is especially the case if one also includes
the contribution of student debt. Initial differences in human capital are now the second
most important factor, particularly for lifetime wealth. Finally, heterogeneity in learning
ability is now the least important factor, although the overall magnitude of its contribu-
tion is relatively similar across the two models.

The more prominent role for initial assets and smaller contribution of initial human cap-
ital is likely the result of both differences in the calibration strategy and the structural

41As they write on page 2945, “The benchmark model abstracts from initial wealth differences. This is
a potentially important omission, as wealth inequality is substantial among the young." In an auxiliary
partial equilibrium exercise, they add wealth heterogeneity to their benchmark calibrated model ex-post
and argue it does not impact their main conclusions. However, the exercise does not recalibrate the model
parameters and the paper does not report how the model targets change following this modification.
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Table 5: Sources of Lifetime Inequality

Variable Change in variable
Equivalent Variation (%) Lifetime Wealth (%)

ACK (2026) HVY (2011) ACK (2026) HVY (2011)

Human capital +1 st. deviation 6.9 39.3 15.5 47.5
−1 st. deviation -7.1 -28.3 -13.4 -31.7

Learning ability +1 st. deviation 8.1 5.7 8.6 8.1
−1 st. deviation -7.7 -2.6 2.1 -3.9

Initial wealth +1 st. deviation 14.0 7.1 71.1 5.0
−1 st. deviation -17.9 -1.6 -49.3 -1.3

Student debt +1 st. deviation -9.0 — -10.9 —
−1 st. deviation 8.7 — 17.6 —

Notes: The table states equivalent variations and the percentage change in the lifetime wealth associated
with changes in each initial condition. The baseline initial condition is set equal to the median values of
initial human capital, learning ability, wealth, and student debt. HVY columns report the results from
Table 6 in Huggett, Ventura, and Yaron (2011). ACK columns correspond to the model developed here.

extensions to the model. For the calibration strategy, the most important difference is
almost certainly the initialization of household assets. Huggett, Ventura, and Yaron
(2011) calibrate their model assuming all households begin life with zero assets. Given
the interaction between initial assets and human capital accumulation in both models,
omitting heterogeneity in the former can necessitate a more prominent role for the lat-
ter to explain a given level of heterogeneity in lifecycle outcomes observed in the data.
In contrast, the calibration strategy here matches the distribution of initial assets and
student debt jointly with the model’s other distributional targets. The impact of this
asset heterogeneity on human capital accumulation is further disciplined by empirical
evidence on the marginal effects of student debt on earnings. Accounting for the sub-
stantial wealth inequality among young workers (displayed in Figure 1) results in a
parameterization that requires less initial heterogeneity in human capital to explain the
same set of lifecycle earnings targets.

As with the calibration strategy, structural extensions to the model environment also
increase the interdependency of assets and human capital. Chief among these is the
inclusion of endogenous college matriculation and student debt. The strong positive
correlation between initial assets and selection into college observed in the data further
strengthens the connection between assets and human capital in the quantitative model.
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Moreover, ex-post realizations of student debt also strongly depend on initial assets and
are more subject to the distortionary effects of credit frictions given their short duration
and stringent repayment rules. The inclusion of occupational heterogeneity also in-
creases the responsiveness of human capital to debt by providing an additional margin
along which households can adjust their earnings in response to credit frictions.

To summarize, while the model builds on the seminal framework of Huggett, Ventura,
and Yaron (2011), its quantitative predictions on the role of household heterogeneity
in determining lifecycle outcomes differ. While both models contain similar economic
interdependencies between assets and human capital due to credit frictions, the quanti-
tative strength of this channel differs due to differences in the calibration strategy and
structural extensions to the model environment. The result is a more prominent role for
the initial asset distribution of young workers in explaining inequality in their lifecycle
welfare and earnings outcomes.

6 Macroeconomic Implications of Student Debt

This section reports the results of two computational exercises which quantify the ag-
gregate impact of student debt on lifecycle earnings and the misallocation of talent. The
first is a short-run exercise that computes the effect of a one-off student debt forgive-
ness program, similar to those being proposed by recent administrations.42 The second
is a long-run exercise examining the aggregate consequences of making the proposed
education grants permanent. The computational results are reported in Tables 6 and 7.

Short-Run Student Debt Policies. The first exercise computes the short-run conse-
quences of a one-off student debt forgiveness policy, holding occupational wages con-
stant. It is a short-run policy in that it applies only to the current population of student
debt holders at the time of the announcement. The model reports the impact of student
debt forgiveness policies of up to 10K, 20K, and full-forgiveness. The first two reflect
the size of programs proposed by recent administrations, while the latter provides a
benchmark of the short-run aggregate distortions from student debt.

Table 6 reports the impact of each short-run policy on welfare and lifecycle earnings.
Household consumption-equivalent welfare is decomposed into changes from lifecycle

42For details, see https://studentaid.gov/debt-relief-announcement
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earnings and occupation specific amenities for those who switch jobs. Changes in house-
hold earnings are similarly decomposed into the contribution of occupational wages
and effective hours, capturing the impact on labor productivity.43 The final columns
report the average level of student debt relief received under each policy and the av-
erage change in tax rates necessary to fund each program. Increases in taxation are
implemented proportionally to existing tax rates so as to maintain the progressivity of
the U.S. tax system. Online Appendix F reports results under a lump-sum taxation pro-
gram. Outcomes are provided for the entire U.S. population and for the sub-populations
of college graduates who either stay or are induced to switch jobs by the policy.

The results show that one-off student debt forgiveness programs would increase house-
hold welfare predominantly by increasing lifecycle earnings through a reduction in the
distortions to human capital accumulation. Focusing on the full-forgiveness policy, av-
erage household welfare increases by 1.35%, with 1.08 percentage points of the rise com-
ing from an increase in lifetime earnings, accounting for roughly 80% of the total effect.
The increase follows from the improved efficiency of human capital investments over
the working lifecycle. Under the full-forgiveness policy, total lifetime earnings increase
by 0.24%, driven entirely by increases in human capital accumulation.

These population outcomes predominantly reflect a reduction of intertemporal distor-
tions to human capital accumulation on the job, rather than a reduction in the misallo-
cation of talent. This is because even under the full-forgiveness policy, only 0.59% of the
population (1.94% of college graduates) is induced to switch jobs. Moreover, the results
show that the direction in which the induced job switchers re-sort themselves across
occupations runs contrary to the aggregate effects. While aggregate lifetime earnings in-
crease, the population of induced job switchers experiences a large -21.32% reduction in
lifetime earnings. The decline is driven by both their switching to jobs with lower wages
and less scope for human capital accumulation.

It may be surprising, in light of the theory of misallocation developed in Section 3.2,
that occupational reallocations are associated with decreases in lifetime income. This
apparent contradiction is reconciled by the presence of heterogeneity in job-specific
amenities, which also influences the direction of worker re-sorting. In response to debt
relief–and the associated reduction in human capital distortions–some households find

43Labor productivity refers to labor’s value-added adjusted to account for occupational wages (i.e.
prices). In the model, labor productivity corresponds to the lifetime effective hours supplied by house-
holds which, given a fixed time endowment, varies due to investments in human capital accumulation
over the lifecycle. See Appendix C for additional details on the earnings growth decomposition.
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Table 6: Short-Run Student Debt Policies

Policy Group Welfare (CE%) Lifetime Earnings (%) Program Cost

Total Amenities Earnings Total Wages Eff Hrs Avg. Grant ∆Tax

Population 1.35 0.27 1.08 0.24 -0.04 0.28 $24,694
Full Switchers (0.59%) 76.95 68.69 8.26 -21.32 -9.69 -11.62 $35,765 1.54 pp

Stayers 5.84 0.00 5.84 1.84 0.00 1.84 $23,078

Population 0.74 0.13 0.61 0.15 -0.03 0.18 $14,595
20K Switchers (0.39%) 38.45 47.04 -8.59 -20.29 -9.56 -10.73 $18,049 0.93 pp

Stayers 3.55 0.00 3.55 1.17 0.00 1.17 $14,272

Population 0.51 0.06 0.45 0.12 -0.02 0.14 $8,993
10K Switchers (0.23%) 25.85 37.54 -11.69 -18.86 -9.61 -9.25 $9,827 0.58 pp

Stayers 2.63 0.00 2.63 0.86 0.00 0.86 $8,949

Notes: Population outcomes include all college and non-college households. Switchers and stayers refer
to conditional sub-groups of the population of college graduates. Note that population estimates include
both the treated and untreated population in partial equilibrium, and so need not lie between the sub-
group outcomes. Details on welfare and earnings decompositions are in Appendix C. Avg. Grant is the
average amount forgiven, conditional on receiving forgiveness. Values correspond to percentage changes.

it optimal to give up earnings in order to move to occupations with higher non-wage
amenities. This margin of occupational reallocation explains why induced job switch-
ers derive enormous welfare benefits from the debt relief policies despite moving to
occupations that reduce their lifetime earnings on average. These amenity-driven job
reallocations align with the recent findings of Rothstein and Rouse (2011) and Luo and
Mongey (2024), who show that higher student debt causes graduates to accept jobs with
initially higher wages, but lower job satisfaction.44

While policy induced occupational reallocation does not have a large impact on ag-
gregate labor productivity and earnings, it does play an important role in determining
the heterogeneous policy outcomes across occupations. Table A12 summarizes the ef-
fect by reporting changes in the labor productivity (TFPR) of each occupation alongside
changes in the composition of its workforce due to reallocation. It decomposes the aver-
age change in occupational talent within each occupation into contributions from new
entrants and those who exit. The results indicate substantial heterogeneity in policy
outcomes across occupations. Some occupations–such as Math & CS, Protective Ser-
vices, and Engineers & Scientists– experience large increases in labor productivity from

44Relatedly, recent work by Boar and Lashkari (2025) documents a similar trade-off between wage and
non-wage amenities by showing that children from high asset households are more likely to select into
jobs with more desirable non-wage characteristics.
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2.62% to 3.13% under the full forgiveness policy. Other occupations – such as Cleaning
& Building, Transportation, and Education – experience large reductions in productivity
ranging from -3.87% to -4.24%.

Since occupational wages are held constant in the short-run policy computations, the
cross-occupation productivity changes are driven primarily by worker sorting. To high-
light this point, Figure 5 plots the data from Table A12. It shows a strong positive cor-
relation between the policy-induced change in an occupation’s productivity (TFPR) and
changes in the composition of its workforce–as measured by occupational talent. These
changes in average occupational ability are the result of worker reallocation in response
to the short-run debt forgiveness policy. As the figure shows, average talent increases
in most occupations which saw an increase in productivity and decreases in most occu-
pations where productivity falls. Consistent with the theory, the figure also shows that
the impact of these reallocations on labor productivity was largest in occupations where
workers initially had the highest levels of student debt.

Figure 5: Policy Induced Re-allocation and Productivity Growth
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Notes: The figure displays the cross-sectional correlation between policy induced changes in an occu-
pation’s productivity (TFPR) and changes in the average talent of its workers. Increases in average tal-
ent within an occupation are indicative of a reduction in the misallocation of talent. The bubble sizes
correspond to predicted student debt, as in Section 4. The changes in productivity and average talent
correspond to the full-forgiveness policy reported in Table A12.
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The decomposition in the latter columns of Table A12 also shows that the population
of job switchers are, on average, lower ability than the job stayers in both their ori-
gin and destination occupations. This is intuitive, since the population of job switchers
and job stayers is endogenous. The population which decides not to change jobs will
therefore disproportionately include the unconstrained households who are already op-
timally matched to their best occupation. An implication of this endogeneity is that
improvements in average occupational talent will be driven more by occupation exiters
than entrants–as Table A12 shows. Consequently, reductions in the misallocation of tal-
ent will have a more muted effect on aggregate productivity since occupations with the
largest increase in TFPR will also see their employment shares shrink (see Figure A3).

Finally, comparing the panels of Table 6 shows how the policy’s impact varies with
program size. The comparisons show that the macroeconomic effects of the policy are
qualitatively similar across the programs. All three programs raise welfare predomi-
nantly by boosting earnings through increased human capital accumulation on the job
and induce only a small reallocation of workers. While qualitatively similar, the quan-
titative impact of the policies appears highly non-linear in program size. One reason is
that student debt burdens are continuously distributed in the population, so the average
level of effective debt forgiveness (reported in the final column) does not vary one-for-
one with the maximum education grant cap of each policy. For example, doubling the
student debt forgiveness cap from 10k to 20k less than doubles the average level of debt
relief received by households from $8,993 to $14,595. Similarly, the average increase in
tax rates also less than doubles, rising from 0.58 to 0.93 percentage points.

Another reason for the non-linearity is the discrete nature of changes that come from oc-
cupation switching. Pushing a substantial population of workers over the job switching
threshold (as illustrated in Figure 2) generally requires much larger transfers. In con-
trast, within occupation distortions to human capital investment respond continuously
to a weakening of credit frictions. The distinction is again evident in the average size
of debt relief received by those induced to switch jobs versus stayers. Under the full-
forgiveness policy, the average person induced to switch jobs received $35,765 in student
debt relief, while job stayers received only $23,078. These non-linearities therefore play
an important role in determining the size and scope of occupational reallocation follow-
ing policy interventions. The next section examines these effects in greater detail by
analyzing the macroeconomic impact of larger, long-run debt forgiveness policies.
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Long-Run Student Debt Policies. The second exercise computes the long-run conse-
quences of making the policies permanent by offering student debt relief to both current
and future generations. Given the size and scope of these policy changes, the long-
run computations additionally allow occupational wages and college matriculation de-
cisions to respond endogenously to the new policies.45

Table 7 displays the computational results. It reports steady state changes in the main
outcome variables following the permanent implementation of each program. Relative
to the short-run, it includes additional results for the policy-induced population of new
college graduates (i.e., matriculators) which didn’t exist in the previous exercises. At the
aggregate level, the long-run policy outcomes are qualitatively similar to the short-run
outcomes, but with larger magnitudes. Both sets of policies raise welfare predominantly
by increasing lifetime earnings through more efficient human capital accumulation. In
part, the larger aggregate effects are unsurprising, and follow mechanically from the
greater scope of the long-run policies. Under the full-forgiveness policy, the average
educational grant is $45,538, nearly double the size of the short-run, necessitating an
additional 1.32 percentage point rise in marginal tax rates compared to the short-run.

While qualitatively similar, a closer examination reveals that there are notable differ-
ences between the short-run and long-run outcomes and the mechanisms which under-
lie them. For example, increases in lifetime earnings play a more important role in deter-
mining welfare gains in the long-run. As the decompositions in Table 7 show, earnings
growth accounts for 92% of the rise in welfare under long-run policies versus 80% under
the short-run policies. These differences are even starker among induced job switchers.
Earnings growth accounts for 73% of the welfare gain for switchers under the long-run
policy versus only 11% under the short-run policy. In other words, the long-run policies
induce a reallocation of employment toward higher productivity occupations, while the
short-run policies induce switching towards higher amenity jobs.

The greater gains in lifetime earnings under the long-run policies are the result of both
(i) a much larger population of policy-induced job switchers and (ii) different patterns
of job reallocation among them. Under the long-run full forgiveness policy, 5.63% of
the population choose different occupations, compared with just 0.59% in the short-run.
Moreover, while short-run job switchers experience an average decline in lifetime earn-
ings, those induced to switch occupations under the long-run policy experience large in-

45Implicitly, the model holds constant any response in university pricing strategies following the change
in student debt policies, which rules out the Bennett Hypothesis and related mechanisms.
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Table 7: Long-Run Student Debt Policies

Policy Group Welfare (CE%) Lifetime Earnings (%) Program Cost

Total Amenities Earnings Total Wages Eff Hrs Avg. Grant ∆Tax

Full

Population 5.68 0.47 5.21 6.24 -0.18 6.42 $45,538

2.86 pp
Switchers (5.63%) 53.34 14.20 39.14 27.77 -6.46 34.23 $47,724
Stayers 3.61 0.00 3.61 3.25 0.21 3.04 $45,362
Matriculators (1.29%) 23.11 12.96 10.15 152.22 -7.79 160.00 $69,580

20K

Population 3.14 0.01 3.13 2.70 -0.04 2.74 $18,974

1.27 pp
Switchers (3.58%) 36.02 2.22 33.80 22.52 -4.38 26.90 $18,854
Stayers 2.18 0.00 2.18 1.37 0.13 1.24 $18,980
Matriculators (0.54%) 15.11 13.53 1.58 128.92 -5.34 134.26 $19,597

10K

Population 2.22 -0.04 2.26 1.47 -0.03 1.50 $9,945

0.67 pp
Switchers (2.11%) 30.87 -1.44 32.31 21.78 -2.29 24.08 $9,930
Stayers 1.71 0.00 1.71 0.74 0.03 0.72 $9,945
Matriculators (0.30%) 18.73 17.21 1.53 115.28 -4.40 119.69 $9,979

Notes: Population outcomes include all college and non-college households. Switchers and stayers refer
to sub-groups of the population of college graduates. Matriculators include a new population of induced
college graduates. Group percentages are with respect to the overall population. Details on welfare
and earnings decompositions are contained in Appendix C. Avg. Grant is the average amount forgiven,
conditional on receiving forgiveness. Values correspond to percentage changes.

creases in lifetime earnings driven by productivity growth. As Table 7 shows, long-run
job switchers under the full forgiveness policy experience a 27.77% growth in lifetime
earnings driven by a 34.23% increase in labor productivity. These large productivity
gains, coupled with the larger population of policy induced job switchers, are the main
driver of the policy differential.

The reason that similarly sized student debt relief programs deliver such different flows
of worker reallocations in the short-run and long-run is due primarily to the endoge-
nous response of occupational wages. As under the short-run policies, debt forgiveness
leads some workers to switch to higher amenity occupations. In the long-run, the wages
in high amenity occupations fall in response, discouraging further flows and moderat-
ing amenity driven reallocation. Figure 6 illustrates the effect by showing how, under
the long-run policies, the endogenous wage declines are largest in the high amenity oc-
cupations. In contrast, worker flows into occupations that foster greater human capital
accumulation lead to labor productivity increases that moderate the resulting decline
in wages. These cross-occupation changes also trigger second-order labor reallocations,
whereby some workers who may not have found it worthwhile to switch because of
the debt forgiveness policy (such as those without student debt) may still be induced to
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Figure 6: Policy Induced Wage Changes and Occupational Amenities
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Notes: The y-axis reports changes in an occupation’s wage under the long-run full student debt forgive-
ness policy. The x-axis reports the occupation’s calibrated amenity value, re-indexed so executive ad-
ministrators equal one. The corresponding occupation specific productivity and employment outcomes
under the long-run full forgiveness policy are summarized in Table A13.

move by the resulting changes in occupational wages. These higher order wage effects
partly explain the larger population of switchers under the long-run policy. The endoge-
nous wage response also delivers modest wage gains to job stayers, who see their wages
rise by 0.21% under the long-run full forgiveness policy – compared to no change in the
short-run, where occupational wages are held fixed.

As a result of the equilibrium wage response, labor market reallocation under the long-
run policy is more directed toward improving the allocation of talent rather than in-
creasing occupational amenities. The change in flows is illustrated in Figure 7, which
summarizes the reallocation of workers under the short-run and long-run policies along
each of the three exogenous dimensions of occupational heterogeneity: amenities, wages
(i.e. TFP), and the population endowments of occupational abilities. The top panel
shows that the amenities-driven worker reallocation which characterized the short-run
switchers is substantially moderated in the long-run. At the same time, the re-sorting of
workers into higher talent occupations is much more pronounced. These changes in the
flow of workers underlie the larger productivity gains and more modest welfare effects
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on job switchers under the long-run policies.

Table A13 summarizes the heterogeneous policy effects across occupations. As with
the short-run policy, there is substantial variation in occupation level outcomes. While
the magnitude of productivity and ability changes are much larger under the long-run
policy, their distribution across occupations is similar. The cross-sectional correlation in
occupational TFPR changes under the short-run and long-run policies is 0.69; the cor-
responding correlation of induced changes in worker ability across occupations is 0.81.
The fact that the majority of occupations experience an increase in the average talent
of their workforce shows that the long-run policy raises aggregate labor productivity by
reducing the misallocation of talent. Decomposing flows into the effect of exiters and en-
trants, the results show that improvements in worker ability are again driven primarily
by the exit of workers who are poorly matched – as in the short-run policies.

Finally, Table 7 also reports outcomes for the population of newly matriculated college
graduates. Under the long-run policy, prospective students anticipate student debt for-
giveness, which boosts enrollments by effectively reducing the cost of attending college.
Surprisingly, the model predicts that the long-run policies will have only a small effect
on college enrollments. Even under the full student debt forgiveness policy, only an
additional 1.29% of the population is induced to enroll in college. The small response
reflects the fact that college matriculation decisions in the calibrated model are driven
more by the expected returns to a college education, than by the borrowing costs. These
high returns, even at the margin, are evident in the large increases in lifetime earnings
and productivity among the new college matriculators displayed in Table 7. Further-
more, while student debt relief always incentivizes additional matriculation, the result-
ing adjustments in occupational wages also disincentivize some workers who previ-
ously found it worthwhile to enroll.46 As a result, while induced college matriculators
experience some of the largest welfare and productivity gains, they have only a minor
impact on aggregate outcomes given their small population size.

7 Conclusion

This paper provides a quantitative analysis of the macroeconomic consequences of ris-
ing student debt among college graduates. To do so, it develops a model of lifecycle
human capital accumulation and occupation choice in the presence of credit frictions.

46However, the calibrated model suggests these effects are quantitatively negligible in practice, repre-
senting less than 0.05% of the college population even under the full forgiveness long-run policy.
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Figure 7: Policy Induced Re-allocation of Workers by Occupational Characteristics
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(b) Occupational TFP
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Notes: Y-axis plots change in occupation employment shares (in percentage points) under short-run and
long-run full student debt forgiveness policies. Each panel corresponds to one of the three dimensions
on which the occupations are exogenously heterogeneous. The x-axis of each panel is normalized so that
executive administrators equal one. Additional details are contained in the appendix.
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When there is heterogeneity in occupational wages, the model shows how increasing
student debt burdens can give rise to a misallocation of talent whereby workers sort
into occupations that are not optimally matched to their skills, further inhibiting aggre-
gate labor productivity. To quantify the effects, the calibrated model replicates both the
aggregate distributional data–inclusive of student debt, earnings, assets, and occupation
choice–as well as empirical evidence on the marginal effect of student debt on the early
career labor market outcomes of college graduates.

The results of the computational analysis suggest that increases in the size and scope of
student debt obligations in recent decades may be inhibiting the post-graduation, early
career labor market outcomes of recent graduates. They show that both short-run and
long-run student debt relief programs can increase labor productivity by stimulating
human capital investment and improving the allocation of workers across occupations.
Importantly, the model predicts meaningfully different short-run and long-run effects
of student debt relief on the reallocation of labor. One-off student debt relief mostly in-
duces workers to move toward higher amenity occupations, whereas the long-run poli-
cies induce larger flows into human capital intensive occupations – further augmenting
labor productivity by reducing the misallocation of talent. Future work should assess
the extent to which these gains could moderate, if not overcompensate, for the costs of
replacing federal student loans with public education grants. The analysis should also
be extended to more fully consider the sequential nature of educational attainment and
how changes in undergraduate student debt policies can impact graduate education and
its contribution to aggregate productivity and household welfare.
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A Tables and Figures Appendix

Figure A1: Net Worth and Student Debt of Young Workers, Ages 22-25.
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Notes: Source data from 2016 Survey of Consumer Finances. Student debt defined as the total market
value of aggregate loan balance of education-purpose expenses. The sample is restricted to individuals
between the ages of 22 and 25.
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Figure A2: CBO Effective Tax Rates
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Notes: This figure plots effective tax rates by income categories. Effective tax rate includes individual in-
come taxes, social security taxes, corporate income taxes, and excise taxes. Source: Congressional Budget
Office, Effective Federal Tax Rates, 1979–2004 (December 2006), Table 1.
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Table A1: Individual Summary Statistics for NLSY 1997 Sample

Population Sub-Pop without Debt Sub-Pop with Debt

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
Earnings (000s) $42.8 $28.8 $46.7 $31.9 $40.6 $26.8
Student Debt (000s) $14.3 $20.2 $0.0 $0.0 $22.1 $21.4
Percent with Student Debt 0.6 0.5 0.0 0.0 1.0 0.0
Average Age 27.0 3.3 26.9 3.3 27.1 3.3
Share Non-White 0.3 0.5 0.2 0.4 0.3 0.5
Share Female 0.5 0.5 0.5 0.5 0.6 0.5
Average Year BA 2005.3 2.3 2005.0 2.2 2005.5 2.3
Average Age BA 22.5 1.9 22.2 1.8 22.6 2.0
Initial Household Income $72.9 $48.3 $90.9 $59.1 $63.5 $38.2
Initial Household Net Worth $186.9 $181.9 $275.3 $205.0 $140.4 $149.2

Notes: The table provides individual level summary statistics for the NLSY 1997 sample population and for the
sub-populations with and without student debt.

Table A2: Summary Statistics on Financing of Higher Education

Population without Student Debt with Student Debt

Gross Tuition $9,857 $9,762 $9,909
Net Tuition $7,904 $7,802 $7,960
Student Debt $14,296 $0 $22,362
Grants $20,642 $13,274 $24,800
Family Loans $1,898 $1,155 $2,317
Work Study $865 $237 $1,220
Out-of-Pocket $4,221 $3,865 $4,422
Other Support $989 $1,147 $900

Notes: The table provides summary statistics of individual financing of higher education and tuition paid for the
sample population and sub-populations with and without student debt. Financing data come from the NLSY 1997
college transcript data and tuition is derived from NCES IPEDS after merging with the NLSY college-identifiers.
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Table A3: First Stage Financing Effects

Student Debt Grants Work Study Family Loans Out-of-Pocket Other Support Net Tuition

Coefficient -$3,172 $3,718 $205 $51 -$664 -$496 -$147
(se) (1,895) (2,352) (216) (885) (677) (669) (136)

Observations 1358 1358 1358 1358 1358 1358 1362
R-squared 0.57 0.63 0.60 0.41 0.55 0.45 0.95

Notes: Coefficients report the effect of a one standard deviation increase in the college grant share instrument on stu-
dent debt as well as other sources of higher education financing reported in the NLSY 1997 and net tuition charged
by the college. All regressions condition on college and student cohort fixed effects. Bracketed terms underneath the
coefficients report robust standard errors.

Table A4: Instrumental Variable Robustness

Parent Income Parent Net Worth ASVAB HS GPA Dropout Post-Grad FTFY Emp

Coefficient -0.89 16.02 4.13 0.00 0.01 0.00 0.00
(SE) 4.42 17.65 2.12 0.04 0.01 0.01 0.01

Obs 1342 950 1162 1068 5248 5248 5248
R2 0.52 0.67 0.69 0.70 0.39 0.42 0.39

Notes: The coefficients report the effect of a one standard deviation increase in the college grant share on other
educational determinants and characteristics which determine selection in the main sample. All regressions condi-
tion on college and student cohort fixed effects. Columns (1) - (4) report the correlation within the main estimation
sample between the individual grant share instruments and the respondent’s initial parental income (000s), parental
net worth (000s), ASVAB score percentile, and high school GPA. Columns (5) - (7) examine the extent to which the
grant share predicts selection into the estimation sample, based on educational attainment and employment status.
Column (5) looks at dropout probability, defined by individuals who report having some college but no degree. Col-
umn (6) looks at probability of attaining a post-graduate degree and column (7) examines the probability of working
full-time, full year. The sample for columns (5)-(7) includes all individuals 18 and older with at least some college
(so they can be assigned a grant share) that could have been selected into the estimation sample.

58



Table A5: Estimated Impact of Student Debt on Earnings

Ordinary Least Squares Instrumental Variable

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

Log Initial Earnings (α2) -0.07 -0.09 -0.14 0.01 0.03 3.66 2.48 2.02 2.87 3.77
(0.02) (0.05) (0.03) (0.04) (0.12) (2.64) (2.40) (1.69) (1.08) (1.27)

Returns to Experience (α3) -0.03 -0.03 -0.02 -0.03 -0.04 -1.23 -1.02 -0.95 -0.89 -0.43
(0.01) (0.01) (0.01) (0.01) (0.02) (1.13) (1.01) (0.85) (0.29) (0.24)

Number of Observations 6360 6360 6319 5935 6073 5985 5985 5946 5580 5985
R-Squared 0.22 0.26 0.30 0.40 0.44 8.67 23.30 6.49 5.86 2.25

Year Fixed Effects (FE) x x
Demographic FE x x
Occ and Occ x Experience FE x x
College and College Cohort FE x x

Notes: The dependent variable is log annual earnings. The coefficients report the effect of a $1000 increase in
student debt. The sample includes all full-time, full-year workers with a bachelor’s degree. The regression R-squared
are reported for OLS results. The first stage F-statistics for student debt are reported with the IV results. Estimates
correspond to partially specified models that only include a single set of covariates. Column (4) of Table 1 reports
results for the fully specified model and the cumulative cases. See Appendix B for additional details.
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Table A6: Robustness with respect to Employment Status Restrictions

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

Student Debt (α2) 0.17 0.84 2.17 2.02 2.50
(2.17) (1.06) (1.33) (1.40) (1.52)

Student Debt x Year Exp (α3) -0.56 -0.38 -0.66 -0.56 -0.53
(0.25) (0.16) (0.22) (0.19) (0.18)

Number of Observations 6902 5548 5907 5672 4184
F-statistic 2.36 4.96 5.12 3.55 5.88

Notes: This table reports the estimated coefficients of the fully specified IV model in column (4) of Table 1 when
sample restrictions on employment status are removed. The benchmark sample corresponds to those who work at
least 35 hours a week for at least 40 weeks per year. Column (1) removes all restrictions on weeks and hours worked.
Column (2) removes restrictions on weeks worked, keeping restrictions on hours. Column (3) removes restrictions
on hours worked, keeping restrictions on weeks. Column (4) includes part time workers with more than 20 hours a
week. Column (5) tightens restrictions to those working at least 40 hours a week for at least 50 weeks a year.

Table A7: Robustness with respect to Educational Attainment Restrictions

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

Student Debt (α2) 14.39 10.44 10.53 10.35
(9.45) (5.68) (5.76) (5.54)

Student Debt x Year Exp (α3) -0.50 -0.43 -0.42 -0.38
(0.45) (0.92) (0.94) (1.01)

Number of Observations 6977 8294 8294 8294
F-statistic 0.49 1.86 1.79 1.91

Notes: This table reports the estimated coefficients of the fully specified IV model in column (4) of Table 1 when
sample restrictions on educational attainment are removed. The benchmark sample includes only individuals whose
highest degree is a BA. Column (1) removes sample restrictions on highest level of educational attainment. Col-
umn (2) includes post-graduate education labor market outcomes. Column (3) adds fixed effects for highest degree
attained. Column (4) includes fixed effects for highest degree attained and its interaction with years of experience.
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Table A8: Educational Attainment and Student Debt

Student Debt Population Shares

Highest Degree Attained Average Balance % with SD Total with SD without SD
High school diploma (Regular 12 year program) $13.9 18% 0.60 0.31 0.76
Associate/Junior college (AA) $22.7 54% 0.09 0.14 0.06
Bachelor’s degree (BA, BS) $23.6 64% 0.21 0.38 0.12
Master’s degree (MA, MS) $20.1 62% 0.08 0.13 0.04
PhD $20.3 59% 0.01 0.01 0.00
Professional degree (DDS, JD, MD) $25.0 52% 0.01 0.02 0.01

Notes: This table summarizes educational attainment (highest degree ever attained) and student debt in the NLSY
1997 sample. The first two columns report average student debt balances (for those with debt) and the share of
individuals with positive student debt balances by educational attainment. The final three columns report the share
of each educational attainment group within the sample population and within the sub-populations of those with
and without student debt (i.e., columns sum to one). Note that some high school diploma holders have student debt
if they enrolled in some college but dropped out before attaining a degree.
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Table A9: Summary Statistics on College Characteristics

US Colleges Sample Colleges Sample Colleges Sample Colleges
FTE-weighted Observation Weighted with Student Debt with Mult. Attendees

Gross Tuition 8293 8964 9320 8583
Average Loan Amount 2630 3642 3702 3618
Average Grants 5973 8862 9010 8802
Grant Share 0.68 0.69 0.69 0.70
Public/Private Sector 0.44 0.64 0.61 0.74
FTE College Size (000s) 18.8 15.2 13.8 17.6
BA Degree Share of Total 0.52 0.64 0.64 0.66
FT Retention Rate 0.72 0.74 0.73 0.76
FT Faculty per 100 FTE 5.08 5.32 5.40 5.42

Notes: The table compares college characteristics for the average US college, constructed by weighting outcomes
by number of full-time equivalent students (FTE) to the in-sample college characteristics. The last two columns
additionally report average college characteristics attended by in-sample respondents with student debt and for
colleges that have more than one attendee within the estimation sample.
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Table A10: Comparing College Characteristics and College Fixed Effects Specifications

College Characteristics College Fixed Effects

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

Student Debt (α2) 2.27 2.90 3.64 7.90 1.50 0.17 10.44 12.34
(1.24) (1.10) (1.57) (5.91) (0.50) (2.17) (5.68) (6.24)

Student Debt x Year Exp (α3) -0.52 -0.85 -1.07 -2.14 -0.41 -0.56 -0.43 -1.59
(0.22) (0.24) (0.38) (1.72) (0.21) (0.25) (0.92) (1.11)

Number of Observations 5,531 6,881 8,272 10,573 5,548 6,902 8,294 10,599
F-stat 58.79 76.79 2.88 17.71 10.90 2.36 1.86 1.84

Notes: The left panel reports regression results using college characteristics instead of college fixed effects. To ease
comparison, the right panel reports the original results with college fixed effects. Column (1) corresponds to the main
empirical specification in the final column of Table 1. Columns (2)-(4) correspond to robustness exercises. Column
(2) removes restrictions on hours and weeks worked. Column (3) removes restrictions on educational attainment.
Column (4) removes both restrictions on hours worked, weeks worked, and educational attainment.
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Figure A3: Policy Induced Changes in Productivity and Employment Shares
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Notes: The figure displays the cross-sectional correlation between policy induced changes in an occupa-
tion’s productivity (TFPR) and changes in an occupation’s employment share. The bubble sizes corre-
spond to predicted student debt, as in Section 4. The changes in productivity and employment shares
correspond to the full-forgiveness policy reported in Table A12.
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Table A11: Internal Calibration Targets on Occupational Heterogeneity

Occupation Group Mean log Returns to Employment
Earnings ($) Experience (%) Share (%)

Data Model Data Model Data Model

Exec/Admin 9.97 9.97 13.25 13.33 7.39 7.35
Management 10.02 10.02 12.24 12.25 9.57 9.58
Math & CS 9.98 9.98 15.99 15.98 4.41 4.46
Engineers & Scientists 10.16 10.16 11.41 11.45 5.50 5.44
Counselors 9.77 9.78 10.53 10.54 4.55 4.57
Law & Legal 9.65 9.64 12.74 12.78 1.09 1.10
Teachers 9.95 9.95 7.94 7.97 9.16 9.10
Education 9.39 9.39 10.94 10.97 1.76 1.75
Sports & Entertainment 9.78 9.77 13.48 13.54 2.99 2.99
Media & Communication 10.04 10.05 6.56 6.61 2.10 2.06
Health Practitioners 10.30 10.30 6.99 6.97 3.73 3.81
Health Support 9.73 9.73 10.39 10.41 2.58 2.57
Protective Services 10.36 10.37 6.10 6.12 2.31 2.34
Food Service 9.97 9.98 1.67 1.67 5.22 5.24
Cleaning & Building 9.77 9.78 5.73 5.74 1.22 1.22
Service Workers 9.39 9.40 13.25 13.25 3.05 3.13
Sales 9.96 9.96 11.55 11.56 11.53 11.60
Office & Admin 9.87 9.87 8.09 8.11 16.28 16.14
Construction 10.21 10.21 7.15 7.14 1.15 1.14
Maintenance & Production 10.63 10.63 -1.21 -1.21 1.29 1.28
Operators 10.52 10.53 0.48 0.48 0.95 0.94
Transportation 9.23 9.23 16.90 16.94 2.17 2.18

Notes: This table summarizes the model fit of the 66 calibration targets governing occupational hetero-
geneity and the sorting of workers. Figure 4 plots the resulting targets and model moments to summarize
the fit. Earnings and employment shares correspond to the population of BA graduates. See Data Ap-
pendix B for additional details on variable and occupation definitions.
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Table A12: Occupational Productivity and Re-allocation under Short-Run Policies

TFPR %p Emp share %p Entrants %p Leavers % Average talent

Avg. talent of
Entrants

Relative to
Baseline

Avg. talent of
Leavers

Relative to
Baseline

Exec/Admin 0.96% -0.04% 0.02% 0.06% 0.03% -9.81% -4.21%
Management 1.05% -0.06% 0.02% 0.07% 0.16% -11.29% -8.74%
Math & CS 2.62% -0.04% 0.02% 0.06% 0.04% -9.45% -3.76%
Engineers & Scientists 2.68% -0.06% 0.00% 0.07% 0.24% -7.85% -6.32%
Counselors -1.41% 0.01% 0.02% 0.02% -0.06% -12.37% -11.29%
Law & Legal -1.78% 0.00% 0.01% 0.00% -0.17% -9.33% -4.97%
Teachers -1.97% 0.01% 0.04% 0.03% -0.04% -12.76% -12.34%
Education -4.24% 0.02% 0.03% 0.00% -0.26% -7.41% -14.65%
Sports & Entertainment -1.34% 0.01% 0.02% 0.01% -0.12% -9.99% -7.44%
Media & Communication -2.98% 0.01% 0.02% 0.01% -0.22% -12.00% -10.69%
Health Practitioners 2.12% -0.05% 0.00% 0.05% 0.71% -4.02% -14.48%
Health Support -2.12% 0.01% 0.02% 0.01% -0.14% -10.12% -6.42%
Protective Services 3.13% -0.04% 0.00% 0.05% 0.93% -5.09% -13.86%
Food Service -1.75% 0.10% 0.10% 0.00% 0.45% 8.35% 34.58%
Cleaning & Building -3.94% 0.03% 0.03% 0.00% 0.11% 0.04% -13.48%
Service Workers -2.68% 0.02% 0.03% 0.01% -0.25% -11.00% -8.44%
Sales 0.64% -0.06% 0.02% 0.08% 0.13% -13.03% -9.44%
Office & Admin -2.82% 0.08% 0.11% 0.02% -0.22% -14.14% -16.74%
Construction 0.95% -0.01% 0.00% 0.01% 0.46% -7.14% -11.96%
Maintenance & Production 1.06% 0.03% 0.04% 0.01% -0.56% -9.24% -13.96%
Operators -0.92% 0.02% 0.03% 0.01% -0.15% -6.22% -16.97%
Transportation -3.87% 0.03% 0.03% 0.01% -0.34% -8.83% -7.71%

Notes: Outcomes correspond to short run full forgiveness policy.
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Table A13: Occupational Productivity and Re-allocation under Long-Run Policies

TFPR %p Emp share %p Entrants %p Leavers % Average talent

Avg. talent of
Entrants

Relative to
Baseline

Avg. talent of
Leavers

Relative to
Baseline

Exec/Admin 7.33% 0.03% 0.36% 0.33% -0.45% -7.32% -4.86%
Management 8.82% -0.01% 0.39% 0.41% 0.10% -8.13% -8.59%
Math & CS 6.35% -0.02% 0.34% 0.36% -1.55% -9.66% -3.38%
Engineers & Scientists 11.98% -0.11% 0.23% 0.35% 0.36% -6.24% -5.79%
Counselors 6.26% 0.08% 0.21% 0.13% 0.16% -6.99% -12.92%
Law & Legal 6.10% 0.03% 0.08% 0.05% -0.20% -5.03% -6.50%
Teachers 6.26% 0.10% 0.35% 0.25% 0.25% -7.74% -13.78%
Education -0.11% 0.08% 0.16% 0.08% 0.32% -5.38% -13.50%
Sports & Entertainment 4.61% 0.08% 0.19% 0.11% -0.30% -6.72% -8.90%
Media & Communication 4.28% 0.05% 0.12% 0.07% -0.09% -8.64% -13.37%
Health Practitioners 20.27% -0.17% 0.13% 0.30% 4.27% -3.22% -15.39%
Health Support 7.28% 0.04% 0.14% 0.09% 0.33% -4.99% -10.52%
Protective Services 27.34% -0.15% 0.08% 0.23% 5.93% -0.62% -14.81%
Food Service -3.55% 0.38% 0.51% 0.12% 2.07% 9.44% 5.55%
Cleaning & Building -1.18% 0.07% 0.16% 0.09% 2.04% 1.17% -7.68%
Service Workers 2.53% 0.13% 0.22% 0.09% -0.67% -7.68% -10.54%
Sales 9.30% -0.03% 0.42% 0.45% 0.49% -7.65% -11.05%
Office & Admin 3.85% 0.45% 0.84% 0.40% -0.21% -9.53% -17.49%
Construction 15.27% -0.03% 0.05% 0.08% 2.36% -3.81% -12.18%
Maintenance & Production -2.28% 0.07% 0.23% 0.16% -1.45% -9.62% -9.49%
Operators 0.85% 0.04% 0.14% 0.10% 3.14% -3.05% -14.69%
Transportation -0.50% 0.13% 0.22% 0.09% -0.83% -7.16% -10.43%

Notes: Outcomes correspond to long run full forgiveness policy.
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B Data Appendix

This section describes the data sets used in the analysis and provides additional details on vari-

able construction and sample definitions. The main datasets used are the Survey of Consumer

Finances (SCF), National Longitudinal Survey of Youth (NLSY 1997), and the National Center

for Education Statistics (NCES) Integrated Postsecondary Education Data System (IPEDS).

B.1 Joint Distribution of Student Debt and Initial Assets in the Population

The initial distributions of student debt and initial assets, displayed in Figures A1 and 1, are

derived from the 2007 sample extract of the Survey of Consumer Finances (SCF). Initial assets

correspond to the total net worth reported by household heads.47 The sample includes all house-

hold heads between the ages of 22 and 25, who are not married or living with a partner, and who

do not have any children. The base year of 2007 is chosen for two reasons. First, it avoids the

effect of the Great Recession on the household asset distribution. Second, it corresponds to the

sample cohort in the National Longitudinal Survey of Youth (NLSY 1997) that is the focus of the

analysis. The NLSY 1997 includes individuals who were between the ages of 12 and 16 in 1996,

who would be roughly between the ages of 22 and 26 in 2007. Moreover, 2007 falls after the grad-

uation year of the majority of respondents in the NLSY 1997, who report an average graduation

year between 2005-2006. These moments also provide the population joint distribution of assets

and student debt targeted in the model calibration.

B.2 Occupation and Industry Classification

Occupation and industry classifications correspond to the 2002 Census codes, as reported in the

NLSY 1997. For both employee and self-employed jobs, respondents’ verbatim descriptors of

their occupations are coded using the three-digit Census code frame. Freelance jobs that do not

qualify as self-employment are coded according to the type of work performed.48 According to

the 2002 Census occupation codes, there are 15 and 31 distinct three-digit non-military industries

and occupations, respectively. For occupations, we drop agricultural occupations and combine

several adjacent occupation codes when the sample size is too small in order to increase preci-

sion. The result converts the 31 occupation codes to a slightly more aggregated 22 occupation

code system. Tables A14 and A15 summarize the industry and occupation classifications and the

occupational grouping procedure.

47To see how the Survey of Consumer Finances defines net worth, assets, and student loans, see
https://www.federalreserve.gov/econres/files/Networth%20Flowchart.pdf

48For details, see https://www.nlsinfo.org/content/cohorts/nlsy97/other-documentation/
codebook-supplement/attachment-1-census-industrial
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Table A14: Occupational Classification and Grouping

Census Occupation Code (N=31) Grouped Occupations (N=22)

Executive, Administrative, and Managerial Occupations Executive, Administrative, and Managerial Occupations
Management Related Occupations Management Related Occupations
Mathematical and Computer Scientists Mathematical and Computer Scientists
Engineers, Architects, and Surveyors

Engineers, Architects, and Other Scientists
Engineering and Related Technicians
Physical Scientists
Social Scientists and Related Workers
Life, Physical, and Social Science Technicians
Counselors, Social, and Religious Workers Counselors, Social, and Religious Workers
Lawyers, Judges, and Legal Support Workers Lawyers, Judges, and Legal Support Workers
Teachers Teachers
Education, Training, and Library Workers Education, Training, and Library Workers
Entertainers and Performers, Sports and Related Workers Entertainers and Performers, Sports and Related Workers
Media and Communication Workers Media and Communication Workers
Health Diagnosing and Treating Practitioners Health Diagnosing and Treating Practitioners
Health Care Technical and Support Occupations Health Care Technical and Support Occupations
Protective Service Occupations Protective Service Occupations
Cleaning and Building Service Occupations

Building and Cleaning Services
Entertainment Attendants and Related Workers
Funeral Related Occupations

Service Workers
Personal Care and Service Workers
Sales and Related Workers Sales and Related Workers
Office and Administrative Support Workers Office and Administrative Support Workers
Farming, Fishing, and Forestry Occupations –
Construction Trades and Extraction Workers Construction Trades and Extraction
Installation, Maintenance, and Repair Workers

Installation, Maintenance, and Repair
Production and Operating Workers
Setters, Operators, and Tenders Operators and Tenders
Transportation and Material Moving Workers Transportation and Material Moving Workers
Food Preparation and Serving Related Occupations

Food Preparation and Serving Related Occupations
Food Preparation Occupations

B.3 Occupation IE, RTE, Employment share

Occupation-specific earnings, returns to experience, and employment shares are computed using

the longitudinal data in the NLSY 1997. The benchmark sample includes individuals above age

18, whose highest educational attainment is a 4-year BA degree, and who work full-time, full

year–defined as those who work at least 35 hours a week, for at least 40 weeks a year. The

robustness exercises loosen the restrictions on educational attainment, hours, and weeks worked.

The occupation-specific initial earnings (IE) and average returns to experience (RTE) calibration

targets are estimated by regressing log earnings on years of experience and a set of controls. The

regressions are estimated separately for each occupation. The earnings variable is defined as
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Table A15: Industry Classification

Census Industry Code

Agriculture, Forestry, Fishing and Hunting
Mining
Utilities
Construction
Manufacturing
Wholesale Trade
Retail Trade
Transportation and Warehousing
Information and Communications
Finance, Insurance, Real Estate, and Rental and Leasing
Professional, Scientific, Management, Administrative, and Waste Management Services
Educational, Health and Social Services
Arts, Entertainment, Recreation, Accommodations, and Food Services
Other Services (Except Public Administration)
Public Administration

the log of total annual income, converted into the real values using the consumer price index as

a deflator. Years of experience is defined as the number of years since the individual obtained

their BA degree, defined as zero in the initial year after graduation. The control variables include

dummies for race, gender, geographic region, year and industry fixed effects. Initial earnings are

defined as the predicted earnings with zero years of experience (i.e., the starting period) in each

occupation. Annualized returns to experience are defined as the annual increase in earnings over

each individual’s working lifecycle. Table A11 reports the resulting estimated coefficients and

employment shares for each occupation, which are also used to construct Figures 3 and 4.

The IE and RTE for high school graduates are computed in a similar fashion using the same

regression specification pooling high school graduates into a single occupation. The sample is

restricted to those who reported their highest degree as a high school diploma or equivalent (e.g.,

GED). We drop individuals who report hourly earnings less than the federal minimum wage in

2007, which was $5.85. Specifically, as with the college sample, the high school sample includes

the full-time, full year employed population who work at least 35 hours a week and for at least

40 weeks a year with annual earnings greater than $8,190 ($5.85 × 35 hours × 40 weeks).

B.4 Individual Student Debt and Grant Share Instrumental Variables

The instrumental variable regressions in Section 4 require computing two additional variables

corresponding to individual level student debt at graduation and the institutional grant share
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corresponding to their college and attendance years. Individual student debt at the moment of

graduation is computed from the NLSY 1997 transcript study by cumulating the student loans

an individual received in each semester in the first roster college they report being enrolled in.

The exact questionnaire in the NLSY97 reads as “Other than assistance you received from relatives
and friends, how much did you borrow in government-subsidized loans or other types of loans while you
attended this school/institution this term?” Hence, our student debt variable encompasses all for-

mal loans taken both from the federal/government programs and private credit market. The

transcript data is also used to construct the composition of higher education financing each in-

dividual receives throughout their time in college, which are summarized in Table A2, and also

used in the first-stage robustness regressions reported in Table A3.

Annual information on college grant and loan funding, along with other college characteristics,

is derived from the Integrated Postsecondary Education Data System (IPEDS) of the National

Center for Education Statistics (NCES). These college-level data are merged to the NLSY 1997

using the confidential college identifiers in the restricted-use version of the dataset provided by

the BLS. The grant share IVs assigned to each individual are defined as the average share of

grant funding, out of all grant and loan funding, issued by their college during the years they

were enrolled as students.
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C Computational Appendix

The following sections provide additional computational details on the counterfactual exercises

in Section 6 and the results reported in Tables 6 and 7.

C.1 Computation of Consumption-Equivalent Welfare Gains

Variables with superscript b denote the variables in the baseline calibrated economy at the steady

state, and c in the counterfactual economy under the debt forgiveness policies. For example, cbt
denotes the simulated time-t consumption in the baseline economy’s steady state.

Lifetime utility can be decomposed into the utility from lifetime consumption and the occupation-

specific amenity values. For instance, the welfare of an individual in the baseline and counter-

factual economies can be expressed as:

Wb = εb
p

T∑
t=1

βt−1u(cb
t )

Wc = εc
p︸︷︷︸

occ-specific
amenity

T∑
t=1

βt−1u(cc
t)︸ ︷︷ ︸

NPV utility from
lifetime consumption

For those who do not switch occupations under a forgiveness policy (job stayers), εbp = εcp, so

the entire welfare change for this population comes from changes in lifetime consumption. For

those who switch occupations (switchers), there is an additional welfare change which comes

from changes in occupation-specific amenities, as εbp ̸= εcp.

Given these formulas, consumption-equivalent welfare gains λ for each individual can be de-

fined as follows:

εb
p

T∑
t=1

βt−1u
(
cb
t (1 + λ)

)
= εc

p

T∑
t=1

βt−1u(cc
t)

The population average consumption-equivalent welfare gains Λ reported in the counterfactual

tables are therefore computed by averaging over individuals so that:

Λ ≡ 1

N

∑
i

λi

C.2 Decomposition of Lifetime Earnings Gain

Earnings in a given period are defined as w(1−s)h, where w is the occupation wage and (1−s)h

is the effective hours (or efficiency units) the individual devotes to work. Lifetime earnings (LE)
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is defined as the discounted sum of per period earnings:

LE =
T∑
t=1

(
1

1 + r

)t−1

w(1− st)ht

Following the notation above, let LEb be the lifetime earnings of an individual in the baseline

calibrated economy in steady state and LEc be the lifetime earnings under the counterfactual

debt forgiveness policy. Then the change in lifetime earnings can be decomposed as follows:

∆LE ≡ logLEc − logLEb

= logwc − logwb

︸ ︷︷ ︸
change in wage

+ log

[
T∑
t=1

(
1

1 + r

)t−1

(1− sct)h
c
t

]
− log

[
T∑
t=1

(
1

1 + r

)t−1

(1− sbt)h
b
t

]
︸ ︷︷ ︸

change in lifetime effective hours

In the short-run debt forgiveness policy, lifetime earnings gains come solely from the change in

effective hours (efficiency units) for job stayers, as their wage rates w do not change. In the long-

run debt forgiveness counterfactual, or for job switchers in the short-run debt forgiveness coun-

terfactual, wc ̸= wb due to the general equilibrium effects on occupation wages or job switching.

As a result, changes in lifetime earnings reflect the combined effect of changes in wages and

effective labor supply.
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ONLINE APPENDIX

D Extension: Occupation Switching in the Baseline Model

The baseline model restricts college graduates to choose an occupation only once, upon entering

the labor market. While analytically and computationally convenient, this modeling assumption

eliminates a potentially important channel of adjustment: dynamic occupation switching. If in-

dividuals are able to switch occupations during or after the student debt repayment period, they

may be able to mitigate the misallocation of talent which arises from student debt. For example,

highly indebted individuals may initially select into high-wage occupations to accelerate debt

repayment and later move to occupations in which their abilities are a better match. The omis-

sion of this dynamic occupation switching channel in the baseline model suggests the results

may be an upper bound on the true aggregate impact of student debt.

A complete accounting of the role of endogenous occupation switching would require substan-

tial extensions to the model, both theoretically and computationally. The extent to which this

type of mitigating endogenous occupation switching occurs would depend on many additional

factors not specified in the current model, such as switching costs, labor market search frictions,

and the bilateral portability of human capital across occupations. Even with these model exten-

sions, solving such a model could be prohibitively costly in terms of computational time. The

baseline model requires solving 22 occupational paths for each household type (a, h, d,Θ). In

contrast, the model with endogenous switching would require solving 228 ≈ 54.88 billion pos-

sible occupational paths for each household type. Calibrating such a model would also require a

richer set of data; the current data sources employed in the analysis are not nearly large enough

to observe even a small fraction of the set of possible paths individuals could follow in the initial

equilibrium or the counterfactual exercises.

While a complete treatment of endogenous switching therefore seems infeasible within the con-

fines of this paper, we nevertheless consider a partial extension that allows limited switching

during the student debt repayment period to consider the nature of occupation switching that

might emerge and how it impacts the paper’s main results. Specifically, we extend the model

to allow individuals to switch occupations once, in the second period of life after labor market

entry. Because each period corresponds to five years, this timing implies that switching occurs

after individuals have partially repaid their student debt, but before repayment is complete.

Given that human capital investment is most intensive in the first period, permitting switching

in the second period offers a meaningful opportunity to realign workers with their comparative

advantage and thereby attenuate the misallocation of talent generated by credit frictions.
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Figure A4: Patterns of Planned Switchers on Talent and Wage Dimensions

This simple extension allowing one opportunity to endogenously switch occupations midway

through the student debt repayment period increases the number of occupational paths that

must be computed for each individual (a, h, d,Θ) from 22 to 222 = 484. In addition, the extended

model continues to allow individuals to switch occupations at any stage of life t following stu-

dent debt forgiveness in the counterfactuals. For tractability, rather than attempting to specify

a complete bilateral matrix of human capital portability, we assume endogenous occupation

switchers are subject to the same loss of accumulated human capital as in the benchmark coun-

terfactuals. Furthermore, with endogenous occupation switching, individuals choose not only

their initial occupation but also an occupational path: the occupation they enter and, if optimal,

the occupation into which they will switch later in life. To distinguish these endogenous switch-

ers from the job switchers induced by policy changes in the counterfactual exercises, we refer

to them as “planned switchers”, which are individuals who intentionally enter one occupation

with the intention of moving to another later in their lifecycle.

Figures A4 through A6 document the direction of planned endogenous switching across the

wage, talent, and amenity characteristics of occupations. The figures demonstrate that, as with

the induced switchers in the baseline model, the direction of occupational switching reflects a

mix of amenity-driven and productivity-driven reallocation. Despite these aggregate similari-

ties, additional distinctions exist wherein planned switchers appear to trade-off amenities rather

than wages when initially choosing occupations less well matched to their abilities. To see this,

note that while all planned switchers move toward occupations that are a better match for their

talents (Figure A6), both indebted and non-indebted individuals also move toward occupations
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Figure A5: Amenity difference between the 2nd and the 1st occupation

Figure A6: Talent difference between the 2nd and the 1st occupation
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Table A16: Fraction of Planned Switchers among College Graduates

Endo. Switching
No Amenity-Driven 100% HC Loss
Switching Allowed Upon Switching

College Graduates 49.82% 10.06% 48.72%

Debt-Free College Graduates 60.69% 10.44% 54.00%

Indebted College Graduates 42.35% 9.80% 45.10%

Indebted (>100K) College Graduates 11.11% 9.26% 11.11%

Notes: This table reports the fraction of graduates who plan to switch occupations under three model spec-
ifications: (1) the baseline model with endogenous switching, (2) a model that shuts down the amenity
channel for switching, and (3) a model which imposes a 100% human capital loss upon switching.

with higher occupational wages (Figure A4). This runs somewhat contrary to the pattern in the

baseline model where indebted individuals start in high-wage occupations to pay off debt and

then move to lower-wage occupations that better fit their abilities. Instead, the results suggest

that planned switchers start in high amenity (rather than high wage) occupations and switch to

occupations with lower amenities (Figure A5) but greater scope for human capital accumulation.

To highlight these distinctions more clearly, Table A16 summarizes the degree of planned occu-

pation switching among indebted and non-indebted students and the extent to which it is driven

by amenity versus human capital considerations. The results show that allowing endogenous

switching generates a substantial amount of mobility, with nearly 50% of college graduates in

the baseline economy choosing to become planned switchers. Moreover, the first column shows

that the extent of planned switching is actually considerably more pronounced among individ-

uals without student debt (60.69%) than among those with student debt (42.35%). The most in-

debted students, those with 100k or more in student debt, are the least likely to pursue planned

career switches (11.11%). The fact that endogenous occupation switching is substantially more

likely to be undertaken by those without student debt already suggests that its driving force is

not necessarily the mitigation of the misallocation of talent.

Building on this observation, the remaining columns of Table A16 consider additional versions of

the endogenous switching model which shut down the amenity value of switching occupations

(column 2) and the portability of human capital (column 3). Comparing the degree of endoge-

nous switching across the restricted models highlights how planned switches are driven primar-

ily by amenities rather than human capital. When the amenity value of switching is turned off

(column 2), the switching rates fall dramatically and there is little difference between indebted

and debt-free individuals. In contrast, shutting off the portability of human capital (column 3)

has little impact on either the scope or direction of occupational reallocation.
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Taken together, the results suggest that the inclusion of endogenous switching primarily results

in planned switchers who pursue high amenity occupations early in life, when they have lit-

tle human capital, and then later switch to occupations with higher wages and more scope for

human capital accumulation. Unsurprisingly, individuals without student debt are substantially

more likely to pursue these new occupational paths than indebted students who mostly continue

to pursue (and stay) in high wage occupations to meet their student debt repayment obligations.

In other words, the inclusion of an endogenous switching channel is therefore more likely to

benefit students without debt than those with debt. Consequently, relative to the baseline model,

the extension introduces even larger negative welfare consequences of student debt as it also

limits indebted graduates from taking advantage of these additional amenity driven occupa-

tional paths. As a result, the inclusion of endogenous occupation switching actually amplifies

rather than dampens the impact of student debt. Table A17 illustrates this point by re-estimating

the marginal effects of student debt using the simulated IV regressions in the model with en-

dogenous switching and compares the result to the baseline model. The results show that the

magnitude of both estimated coefficients is larger in the extended model, signaling an amplifi-

cation of the role of student debt when endogenous occupation switching is permitted.

Table A17: Marginal Effects of Student Debt, with Endogenous Switching

Target for Indirect Inference Coefficient Data
Model Model

(Baseline) (Switching)

IV Effect on Initial Earnings (IE) α̂2 1.50% 1.58% 1.95%

IV Effect on Returns to Experience (RTE) α̂3 -0.41% -0.31% -0.36%

For a more complete picture of how these extensions influence the paper’s main results, the fol-

lowing sections recompute the full-forgiveness counterfactual outcomes in the extended model

to compare with the baseline. Doing so first requires some additional clarifications as the inclu-

sion of endogenous switching complicates the decomposition strategies and the identification

of induced job switchers. The following subsections clarify these issues before presenting the

updated counterfactual results in the augmented model with endogenous occupation switching.

D.1 Calculation of Consumption-Equivalent Welfare Gain

When occupation switching is allowed, the welfare calculation must account for the possibility

that an individual’s occupation-specific amenity changes between the first and second period. A

job switcher is now defined as any individual whose occupational path changes, i.e., who chooses

a different occupation in at least one period. Accordingly, lifetime utility is decomposed as:
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In other words, for those who do not switch occupations under a forgiveness policy (stayers),

εb1 = εb2 = εc1 = εc2, so the entire welfare change comes from changes in lifetime consumption.

On the other hand, those who change occupations (induced switchers) incur additional welfare

changes that come from the change in occupation-specific amenities.

Given this, consumption-equivalent welfare gain λ for each individual can be defined as follows,

εb1u
(
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)
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where average welfare gains in the population is the average of individual λs:

Λ =
1

N

∑
i

λi

D.2 Decomposition of Lifetime Earnings Gain

Note that earnings in a given period are defined as w(1 − s)h, where w is the occupation wage

and (1 − s)h is the effective hours (or efficiency units) the individual devotes to work. Lifetime

earnings is defined as the discounted sum of period earnings:

LE =
T∑
t=1

(
1

1 + r

)t−1

wt(1− st)ht

Following the notation above, let LEb be the lifetime earnings of an individual in the baseline

(no forgiveness) economy at the steady state, and LEc be the lifetime earnings under the debt

forgiveness policy. Then the change in lifetime earnings can be decomposed as follows:

∆LE ≡ logLEc − logLEb
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In the short-run debt forgiveness policy, lifetime earnings gains come solely from the change in

effective hours (efficiency units) for job stayers, as their wages do not change. In the long-run

debt forgiveness counterfactual, or for job switchers in the short-run debt forgiveness counter-

factual, wc ̸= wb due to the general equilibrium effects on occupation wages or job switching. As

a result, changes in lifetime earnings reflect the combined effect of both channels.

D.3 Student Debt Counterfactuals with Endogenous Occupation Switching

Finally, this section reports the results of the student debt forgiveness counterfactual exercises

when (limited) endogenous occupation switching is allowed. The analysis focuses on the full-

forgiveness policy and maintains the same proportional tax adjustment used to fund the pro-

gram in the baseline model.

The results in Table A18 show that allowing for endogenous occupation switching does not al-

ter the main qualitative patterns of the student debt forgiveness results. The prevalence of job

switching increases relative to the baseline without switching, partly for mechanical reasons: a

job switcher is now defined as any individual who chooses a different occupational path, includ-

ing changes in either the initial occupation or the subsequent occupational transition, rather than

only changes in the entering occupation. As in the baseline model without switching, the compo-

sition of occupational reallocation varies systematically across policy horizons. With short-run

debt forgiveness, occupation switching is primarily driven by amenities, with individuals more

likely to transition toward higher-amenity occupations. In contrast, under long-run forgiveness

policies, earnings-driven switching becomes more dominant, although the welfare contributions

from amenities remain positive. This reflects the fact that debt forgiveness relaxes constraints

that previously prevented indebted individuals from selecting the new occupational paths which

pursue high-amenity occupations at entry. With lower student debt, individuals who would

otherwise have been locked into lower-amenity paths can now re-optimize toward occupations

with higher amenity values, as those without student debt do in the extended model. Finally,

consistent with the baseline results, induced matriculators remain a relatively small portion of
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Table A18: Student Debt Forgiveness Policy with Endogenous Job Switching

Policy Group Welfare (CE%) Lifetime Earnings (%) Program Cost

Panel A: Short-Run Policy
Total Amenities Earnings Total Wages Eff Hrs Avg. Grant ∆Tax

Full
Population 1.26 0.26 1.00 0.28 -0.72 1.01 $24,028

1.55 ppSwitchers (0.90%) 75.74 20.21 55.54 12.09 -110.84 122.92 $46,533
Stayers 4.39 0.00 4.39 0.88 0.00 0.88 $29,445

Panel B: Long-Run Policy
Total Amenities Earnings Total Wages Eff Hrs Avg. Grant

Full

Population 12.76 1.90 10.86 7.07 -9.16 16.23 $38,731

2.79 pp
Switchers (8.98%) 73.04 -1.70 74.75 38.38 -119.32 157.71 $52,214
Stayers 6.84 0.00 6.84 1.86 1.02 0.84 $29,205
Matriculators (1.49%) 11.21 -61.79 73.00 167.91 -77.45 245.36 $69,372

Notes: Population outcomes include all college and non-college households. Switchers and stayers refer
to sub-groups of the population of college graduates. Matriculators include a new population of induced
college graduates. Group percentages are with respect to the overall population. Details on welfare
and earnings decompositions are contained in Appendix C. Avg. Grant is the average amount forgiven,
conditional on receiving forgiveness. Values correspond to percentage changes.

the population, but continue to experience sizable earnings gains compared to others.

E Default/Non-Payment Options and Income-Based Repayment Plan

Another natural concern is whether the baseline model overstates the role of student debt be-

cause student debt repayment in practice is more flexible than the standard fixed amortization

schedule. In reality, borrowers can opt into income-driven repayment plans, which tie required

payments to current earnings. While widespread today, such programs are less relevant in our

context as the overwhelming majority of individuals in our NLSY 1997 sample graduate be-

fore such plans became widely available. For instance, the majority of individuals in our sam-

ple graduate before 2006, while income-driven student debt repayment plans did not become

widespread until 2010-2015 with the passage of the PAYE and REPAYE programs under the

Obama administration. Nevertheless, understanding the impact of these income-driven repay-

ment plans can provide useful insight into how increased student debt repayment flexibility

might affect the model’s core quantitative implications.

Towards this end, we consider an additional model extension which maximally loosens the

structural constraints on student debt repayment. Specifically, we consider an extension that

allows individuals to freely choose how much of their student debt to repay in each period of

81



their lifecycle, subject only to the constraint that all obligations must be paid off before retire-

ment. This alternative repayment scheme provides maximal flexibility, above and beyond what

would be allowed under any income-driven repayment plan. While loosening the repayment

schedule on student debt, the model extension continues to enforce the borrowing constraint

that prohibits individuals from borrowing to finance consumption.

To understand how expanded repayment flexibility influences the model’s predictions, Table

A19 recomputes the marginal effects of student debt using the within-model IV regression and

compares the results to the estimated coefficients in the baseline model. These results show

that the added flexibility substantially reduces the IV coefficients, though they remain statisti-

cally significant. The extension therefore suggests that more flexible repayment attenuates, but

does not fully eliminate, the distortions highlighted in the baseline model. The effect of any

income-driven repayment provision then would likely lie in between the baseline model and the

maximal repayment flexibility results reported here.

Table A19: Marginal Effects of Student Debt with Flexible Repayment

Target for Indirect Inference Coefficient Data
Model Model

(Baseline) (Flexible)

IV Effect on Initial Earnings (IE) α̂2 1.50% 1.58% 0.47%

IV Effect on Returns to Experience (RTE) α̂3 -0.41% -0.31% -0.06%

Notes: This table reports the simulated IV coefficients under the baseline model and the flexible repay-
ment extension. The Data column reports the empirical IV estimates from the fully specified model in
Table 1. The Baseline column reports the coefficients from the calibrated model. The Flexible column
reports the coefficients when individuals may spread repayment over the entire lifecycle.

F Alternative Public Financing of Debt Forgiveness Policies

The benchmark counterfactual results in Tables 6 and 7 finance the student debt policies through

proportional increases in existing marginal tax rates, thereby preserving the progressivity of the

U.S. tax system. This section considers an alternative in which the counterfactual policies are

instead funded by lump-sum taxation. Under lump-sum taxation, every working-age individ-

ual pays the same per-capita amount regardless of income, while retirees are exempt. Although

lump-sum taxes avoid distortions to marginal incentives, they are regressive in that the tax bur-

den as a share of income falls disproportionately on lower-income households – many of whom
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do not even go to college. Comparing the two financing schemes therefore helps isolate the role

of the tax structure in determining the welfare effects of the counterfactual student debt policies.

Table A20: Short-Run Student Debt Policies with Lump-Sum Tax

Policy Group Welfare (CE%) Lifetime Earnings (%) Program Cost

Total Amenities Earnings Total Wages Eff Hrs Avg. Grant ∆Tax (LS)

Full
Population 1.36 0.02 1.34 0.58 -0.01 0.59 $24,694

$1,852Switchers (0.55%) 59.59 8.75 50.83 56.35 -1.83 58.17 $39,689
Stayers 6.34 0.00 6.34 2.02 0.00 2.02 $23,309

20K
Population 0.75 -0.01 0.76 0.38 0.01 0.38 $14,595

$1,363Switchers (0.40%) 27.87 -5.34 33.21 55.10 1.87 53.23 $18,881
Stayers 3.75 0.00 3.75 1.24 0.00 1.24 $14,322

10K
Population 0.52 -0.05 0.57 0.31 0.01 0.30 $8,993

$1,092Switchers (0.26%) 12.31 -30.02 42.33 77.86 7.20 70.66 $9,932
Stayers 2.75 0.00 2.75 0.90 0.00 0.90 $8,962

Notes: Population outcomes include all college and non-college households. ∆Tax (LS) shows the per-
capita lump-sum tax levied on all working-age individuals per period. Retirees are exempt. Values corre-
spond to percentage changes.

Table A20 reports the short-run results under lump-sum taxation. The qualitative patterns are

similar to the proportional tax benchmark in Table 6: welfare and lifetime earnings increase

across all three program sizes, driven predominantly by gains in human capital accumulation.

The magnitudes are also comparable. Under the full-forgiveness policy, average welfare in-

creases by 1.36% with lump-sum taxation versus 1.35% under proportional taxation, while life-

time earnings rise by 0.58% versus 0.24%. The per-capita lump-sum tax ranges from $1,092 under

the 10K program to $1,852 under full forgiveness.

Table A21 reports the long-run results, where the choice of tax instrument has more consequen-

tial implications. While lifetime earnings effects remain comparable to the proportional tax

benchmark in Table 7– increasing by 6.24% under full forgiveness in both cases – population

welfare now declines under all three long-run policies. Under the full-forgiveness policy, average

welfare falls by −1.95%, in contrast to the 5.68% welfare gain under proportional taxation. The

reversal arises because lump-sum taxation imposes a flat per-capita burden that disproportion-

ately impacts lower-income households, particularly those with only a high school education

who do not benefit from the debt forgiveness policies but still bear a substantial share of its cost.

Figure A7 illustrates these distributional implications by plotting the present discounted value

of lump-sum taxes paid against the average amount of debt forgiveness received, by group.

Households with only a high school degree, who comprise the majority of the population, pay

substantial taxes under the new policies but receive no student debt reductions. Under the long-
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Table A21: Long-Run Student Debt Policies with Lump-Sum Tax

Policy Group Welfare (CE%) Lifetime Earnings (%) Program Cost

Total Amenities Earnings Total Wages Eff Hrs Avg. Grant ∆Tax (LS)

Full

Population -1.95 -1.47 -0.48 6.24 -0.24 6.49 $45,538

$2,696
Switchers (5.44%) 32.57 -34.68 67.25 61.60 -0.06 61.66 $51,261
Stayers -3.73 0.00 -3.73 2.11 -0.16 2.27 $45,181
Matriculators (1.03%) 38.30 14.40 23.90 148.62 -8.42 157.05 $75,452

20K

Population -4.05 -1.10 -2.95 1.95 0.17 1.78 $18,974

$1,535
Switchers (3.66%) 18.08 -34.48 52.56 46.61 3.79 42.82 $19,103
Stayers -4.84 0.00 -4.84 0.07 0.05 0.02 $18,969
Matriculators (0.29%) 39.92 18.06 21.85 107.13 -2.53 109.67 $19,958

10K

Population -4.76 -0.92 -3.85 0.53 0.94 -0.42 $9,945

$1,114
Switchers (2.34%) 10.86 -44.65 55.51 45.60 6.80 38.81 $9,943
Stayers -5.14 0.00 -5.14 -0.59 0.81 -1.39 $9,945
Matriculators (0.07%) 106.33 30.28 76.06 85.74 -1.15 86.89 $10,000

Notes: Population outcomes include all college and non-college households. Switchers and stayers refer
to sub-groups of the population of college graduates. Matriculators include a new population of induced
college graduates. ∆Tax (LS) shows the per-capita lump-sum tax levied on all working-age individuals
per period. Retirees are exempt. Values correspond to percentage changes.

run full-forgiveness policy, they experience a large welfare loss of −7.5%, far exceeding that of

any other group. This contrasts with the proportional tax results in Table 7, where the progres-

sive tax structure ensures that the cost of the program is borne more heavily by higher-income

households. This structure mitigates the distributional consequences of the counterfactual poli-

cies as higher-income households are also more likely to attend college and therefore dispropor-

tionately benefit from the reductions in student debt.
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Figure A7: Tax Burden and the Amount of Forgiveness by Group

Notes: Gray bars show the present discounted value (PDV) of the lump-sum tax paid over the working
life, computed as

∑T
t=0 τ/(1+r)t, where τ is the per-period lump-sum tax and T is the number of working

periods. Red bars show the average student debt forgiveness received by individuals in each group. The
average forgiveness amount was calculated including individuals with no student debt at the baseline.
All statistics are computed for the age-23 entry cohort in the long-run full-forgiveness counterfactual.

85


	Introduction
	Model Environment
	Implications for Human Capital and the Allocation of Talent
	Intertemporal Distortions to Human Capital Accumulation
	The Misallocation of Talent

	The Empirical Evidence
	Data Sources
	Instrumental Variable Design
	Estimated Impact of Student Debt on Lifecycle Earnings
	Additional Robustness

	The Role of Occupation Choice

	Calibration Strategy and Model Fit
	Lifecycle Inequality and Connections to Huggett, Ventura, and Yaron (2011)

	Macroeconomic Implications of Student Debt
	Conclusion
	Tables and Figures Appendix
	Data Appendix
	Joint Distribution of Student Debt and Initial Assets in the Population
	Occupation and Industry Classification
	Occupation IE, RTE, Employment share
	Individual Student Debt and Grant Share Instrumental Variables

	Computational Appendix
	Computation of Consumption-Equivalent Welfare Gains
	Decomposition of Lifetime Earnings Gain

	Extension: Occupation Switching in the Baseline Model
	Calculation of Consumption-Equivalent Welfare Gain
	Decomposition of Lifetime Earnings Gain
	Student Debt Counterfactuals with Endogenous Occupation Switching

	Default/Non-Payment Options and Income-Based Repayment Plan
	Alternative Public Financing of Debt Forgiveness Policies

