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Abstract

To study the impacts of debt relief versus cash transfers, I compare saving and con-
sumption responses to student loan forbearance and stimulus checks in the 2020
CARES Act. Borrowers non-optimally use much of the liquidity received from for-
bearance to voluntarily prepay 0%-interest student debt instead of high-interest
obligations, despite prioritizing high-interest debts when receiving stimulus checks.
Consistent with this flypaper effect, the marginal propensity to spend (MPX) out of
forbearance liquidity is less than half that of stimulus checks. A calibration exercise
estimates that the flypaper effect makes forbearance less effective and more costly
as a countercyclical fiscal tool.

Keywords: student loan forbearance, stimulus, household finance, consumer credit

JEL classification: G50, G51, D14, D91, 122, H3, H81, E21

* Harvard University. Email: jkatz@g.harvard.edu I am greatly indebted to Emily Williams and Marco Di Maggio for making this project
possible. For valuable comments and discussions, I thank John Beshears, John Campbell, James Choi, Lindsey Currier, Gabe Chodorow-Reich,
Ed Glaeser, Ruru Hoong, David Laibson, Sean Lee, Ethan Matlin, Dominic Russel, Suproteem Sarkar, Jesse Shapiro, Jeremy Stein, Adi Sun-
deram, Winnie van Dijk, and participants at the Harvard workshops in financial economics, public finance and labor, and macroeconomics.
The Harvard University-Area Committee on the Use of Human Subjects approved the survey instrument in this paper under expedited re-
view as Protocol IRB23-0003 - contact kate_schaffenberger@harvard.edu for details. Survey analysis was preregistered with the Wharton
Credibility Lab as AsPredicted #124145, and the American Economic Association Registry for Randomized Controlled Trials as #AEARCTR-
0011040. The AsPredicted analysis plan is available at https://aspredicted.org/ej67r.pdf. The AEA RCT pre-analysis plan is available at
https://doi.org/10.1257/rct.11040-1.0. All errors are mine.


https://aspredicted.org/ej67r.pdf
https://doi.org/10.1257/rct.11040-1.0

When falling incomes cause distressed households to cut consumption during recessions,
policymakers can use a combination of debt relief and direct cash transfers to stimulate aggre-
gate demand. Previous work argues that if households cut spending mostly due to temporary
liquidity constraints, debt relief allowing leveraged borrowers to defer payments can support
consumption at a low fiscal cost (Eberly and Krishnamurthy 2014, Cherry et al. 2021). The
efficient policy mix in downturns hinges on how households adjust saving, debt payments, and
consumption in response to each form of relief.

This paper studies the impact of debt relief versus cash transfers on household saving and
consumption. I compare responses to the US government’s student loan forbearance program
and stimulus check payments enacted as part of the 2020 CARES Act when the Covid-19 reces-
sion began. The forbearance program put all federally-owned student loans into administrative
forbearance, impacting 92% of the $1.5 trillion student loan market (Fed 2020). The program
automatically paused all monthly payments and set interest on outstanding debt to 0%. The
CARES Act also authorized direct cash payments to most US households.

Comparing consumer responses to debt relief and stimulus payments is empirically chal-
lenging because the policies often target populations facing different financial circumstances.
Debt relief often targets households facing acute distress due to high leverage (Noel and
Wachter 2021), while governments distribute stimulus checks more broadly. Two features
of the CARES Act policy context help overcome this challenge. First, debt relief applied uni-
versally and automatically, not just to distressed households. This enables measurement of
average effects across all households and reduces concerns about selection based on take-up.
Second, since the CARES Act also included stimulus checks, it is possible to compare responses
to forbearance and cash transfers for the same borrowers in a similar economic environment.

New data connecting student loan repayment and consumption outcomes enables study
of these policies. I identify federal student loan and stimulus check payments within a large
high-frequency administrative transactions dataset, and trace out person-level spending across
linked bank, debit card, and credit card accounts.

The paper measures the effects of each policy on debt repayment and consumption expen-
diture, comparing estimates to predictions from workhorse consumption-saving models. Bor-
rowers respond to the payment pause non-optimally by making voluntary student loan prepay-
ments, resulting in lower consumption effects relative to stimulus checks. I survey borrowers
to identify drivers of this behavior, and present a consumption-saving model with non-standard
flow utility to rationalize results. Finally, I provide a framework to quantify the impact of this
behavior on forbearance’s effectiveness as a counter-cyclical fiscal tool.

The first part of the paper examines whether borrower behavior aligns with predictions

from a dynamic incomplete-markets model of the sort often used to represent saving and con-



sumption choices. Because liquid resources are fungible, the model predicts that consumers
only make voluntary debt prepayments if they lack higher-yielding alternatives, such as other
debt. If consumers prepay, then they should increase prepayments in response to unanticipated
cash windfalls such as stimulus checks. The model also implies that the difference between the
marginal propensity to consume (MPC) out of liquidity from forbearance and stimulus checks
is, to a first order, bounded by the consumption impact of the difference in wealth transfers from
the policies. Previous literature (Paiella and Pistaferri 2017, Ganong and Noel 2020) shows
this consumption impact to be negligible, meaning the model predicts MPCs to be similar.

Borrower behavior in the transactions panel rejects these predictions. Many borrowers
keep making payments on 0% federal student loans after forbearance begins, contrary to the
optimal debt repayment strategy and the policy default. In an interrupted time-series design
examining changes in loan repayment when forbearance begins, borrowers use about 45% of
forbearance liquidity to prepay federal student debt over the program’s first four weeks. Pre-
payment persists at similar levels many months thereafter. Program implementation details
and repayment patterns indicate this behavior was intentional, not due to inattention or iner-
tia. Continued payments are surprising. Besides waiving required payments and interest, the
policy extended repayment timelines to prevent catch-up payments. For borrowers with a long
outstanding loan term, prepayments meant actively rejecting a multi-year, interest-free loan.

The same borrowers use a much smaller fraction of their stimulus checks to pay off fed-
eral student loans. This shows that prepayment during forbearance is unlikely to reflect a
lack of higher-yielding saving alternatives, demand for deleveraging, or student debt aversion.
Adapting Baker et al. (2020), I estimate the impact of stimulus checks on federal student loan
repayments using high-frequency within-person changes in repayment before and after checks
arrive, where arrival timing variation allows estimating calendar time trends. Borrowers spend
under 1% of their stimulus checks on federal student loans over four weeks, implying they do
not treat liquidity from forbearance as fungible with other cash windfalls.

This non-fungibility creates costly violations of the optimal debt pay-down policy. Borrow-
ers with high-interest credit card and private student loan debt use 40% and 33%, respectively,
of their forbearance liquidity to prioritize federal student debt prepayment. This is a clear fi-
nancial mistake. These same borrowers better prioritize debt repayment out of stimulus checks.
For example, borrowers with credit card debt using all of their forbearance liquidity on federal
student loans spend 9.3% of their stimulus checks on credit card payments over a month, but
only 1% on federal student debt.

Excess student loan payments and inconsistent use of stimulus check liquidity together
suggest a flypaper effect in which forbearance “sticks” to student loan repayment. This predicts

a lower marginal propensity to spend (MPX) on consumption goods out of forbearance liquidity



versus cash transfers.

As predicted by such a flypaper effect, borrowers spend a much lower fraction of the liquid-
ity received from forbearance than from stimulus checks. I estimate the forbearance consump-
tion MPX using a difference-in-difference design comparing borrowers with similar repayment
trajectories who happen to complete scheduled loan repayments at different times. I use bor-
rowers who finished repaying their debt just before March 2020, and hence did not receive
liquidity from forbearance, to trace out counterfactual spending for similar borrowers with
outstanding balances when forbearance began.! While the four-week stimulus check MPX is
about 17% for total expenditure and 9% for nondurable expenditure, 95% confidence intervals
reject a forbearance MPX more than one-quarter and one-third as large, respectively. The low
forbearance MPX largely reflects low expenditure out of forbearance cash-on-hand for those
who stop repayments. If borrowers spent the same out of extra cash-on-hand from foregone
payments and stimulus checks, the overall forbearance MPX would be statistically indistin-
guishable from (although lower than) the stimulus check MPX.

I investigate drivers of these results using a survey asking borrowers to explain their use
of stimulus check and forbearance liquidity. Borrowers who make debt repayment mistakes or
inconsistently use liquidity from these sources mention debt repayment heuristics or reluctance
to adjust an ad-hoc budget. Many borrowers misunderstand financial incentives that the 0%
student debt interest rate creates. Borrowers often justify forbearance prepayments as “finan-
cially smart” due to the 0% interest rate, and 50% fail to minimize costs in a debt repayment
prioritization hypothetical. A pre-registered experiment suggests that heuristic debt repay-
ment targets, combined with low financial sophistication, lead to the flypaper effect. Framing
a hypothetical cash transfer as targeting “borrowers with student debt” rather than “all house-
holds” affects heuristics without conveying economic information, and increases student loan
payments by 45% for low-financial sophistication respondents.

Next, I offer a way to rationalize this behavior within a consumption-saving model. I model
debt repayment heuristics and ad-hoc budgeting as total saving and debt repayment targets
that generate flow utility costs if missed. Such “target deviation costs” imply continued student
loan payments during forbearance and a cash transfer MPX that exceeds the forbearance MPX.
The model also predicts a high MPC out of cash windfalls for unconstrained, high-income
consumers, matching findings in other contexts by, for example, Kueng (2018).

Lastly, I study implications of my findings for fiscal policy design. I consider a partial-
equilibrium framework where a government uses forbearance and stimulus checks to boost

aggregate consumption among heterogeneous consumers. The transfers differ in “resource tar-

!An appendix shows similar results from another difference-in-differences design comparing borrowers with
a low vs. high federal loan share in a fixed amount of total debt, where the former get less forbearance liquidity.



geting,” determined by which consumers receive liquidity; “behavioral targeting,” depending
on which consumers endogenous “take-up” forbearance by stopping payments; and a “flypa-
per” effect attributed to target deviation costs. Two sufficient statistics quantify the flypaper
effect: the MPX on student loans out of forbearance liquidity, which reduces take-up, and the
consumption MPX out of forbearance liquidity relative to cash windfalls. A simple expression
links these forces to forbearance’s fiscal cost efficiency, defined as the change in consumption
from reallocating a dollar in fiscal expenditure from stimulus checks to forbearance.

Using the transactions data, I calibrate the flypaper effect’s impact on forbearance’s fiscal
cost efficiency as implemented in the CARES Act. Student loan forbearance does not target
high-MPX borrowers, but absent target deviation costs, it is more cost-efficient because it can
increase liquidity while transferring less wealth than stimulus checks. However, the flypaper
effect mostly eliminates this cost advantage. Because the consumption MPX out of forbearance
liquidity is lower than out of stimulus checks, the program requires 21% larger stimulus checks
and a 12% higher fiscal outlay to increase consumption by as much as without the flypaper
effect. Forbearance’s lower consumption MPX also limits how generous it can be before losing
its cost edge. With target deviation costs, forbearance is less efficient if catch-up payments are
deferred beyond 3.8 years, versus 9.2 years without target deviation costs.

This paper connects with several literatures. First, previous work documents non-fungibility
in consumption (Milkman and Beshears 2009, Hastings and Shapiro 2013, Hastings and Shapiro
2018), potentially impacting borrowing (Di Maggio, Katz, and Williams 2022). I show that
households also treat liquidity as non-fungible when making debt repayment decisions in a
salient and high-stakes context. I connect this perceived non-fungibility to meaningful debt re-
payment prioritization mistakes, and identify its main psychological drivers as a combination
of ad-hoc budgeting, reliance on heuristics, and low financial knowledge. This helps explain
debt prioritization errors identified in other contexts (e.g. Gathergood et al. (2019)).

Second, my findings advance the literature on the real impacts of debt relief. Much existing
work focuses on mortgage principal or monthly payment relief during the 2008 financial crisis
(Ganong and Noel 2020, Agarwal et al. 2017, Di Maggio et al. 2017, Fuster and Willen 2017,
Tracy and Wright 2016). Since student debt is the second-largest consumer debt category after
mortgages, a growing number of papers study student debt relief in particular (Yannelis and
Tracey 2022, Mueller and Yannelis 2019, Di Maggio, Kalda, and Yao 2019).

I make several contributions to this literature. Since I study a universal policy that did
not target distressed borrowers, estimates reflect likely effects of more widespread debt relief.
This is especially valuable in the student loan context given recent policy debates around stu-
dent debt forgiveness, which would both reduce outstanding balances and monthly payments

(Yannelis and Tracey 2022, Sylvain and Constantine 2020). The low forbearance consumption
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MPX suggests that monthly payments do not create consumption constraints for many borrow-
ers who are current and in repayment. The low MPX also implies a high short-run saving rate
out of liquidity from relief, meaning lower monthly payments could facilitate wealth formation.

Moreover, I provide estimates of debt repayment and consumption responses to relief that
mostly provides additional liquidity, in contrast to much previous work that analyzes policies
simultaneously changing liquidity and net worth. Exceptions include Ganong and Noel (2020)
and Aydn (2023), who find that for constrained borrowers, delinquency and default respond
more to payment modifications that increase short-term liquidity, such as forbearance, than to
debt write-downs. These papers argue that liquidity constraints drive default behavior, but do
not estimate consumption effects of increased liquidity from lower payments.

Finally, I provide theory and evidence to directly compare the consumption and debt re-
payment effects of debt relief and cash transfers. Eberly and Krishnamurthy (2014) argue that
the importance of liquidity constraints favors forbearance rather than write-downs to prevent
delinquency, because the former incurs a lower fiscal cost. A parallel literature finds large con-
sumption responses to stimulus checks, also attributed to liquidity constraints (Parker et al.
2013, Baker et al. 2020). Put together, these findings seem to suggest that governments can
use forbearance to stimulate consumption at a lower cost than other transfers like stimulus
checks (Cherry et al. 2021, Lee and Maghzian 2023).

This logic hinges on the relative effects of liquidity from each windfall, a comparison I
evaluate explicitly. I provide novel evidence that borrowers use liquidity from each windfall
quite differently, and by focusing on a fixed group of recipients, rule out borrower heterogene-
ity as the primary driver. I formalize the impact of this inconsistency on policy design in a
tractable calibration framework that takes micro-MPX estimates as sufficient statistics to eval-
uate relative fiscal efficiency. By comparing responses to forbearance and stimulus checks, I
advance contemporaneous work by Dinerstein, Yannelis, and Chen (2023) and Chava, Tookes,
and Zhang (2023), which use credit bureau data and a different empirical design to show that
CARES Act student loan forbearance increases private debt payments and levels.

Sections 1-7 respectively describe the US student loan market and CARES Act; present
predictions from an incomplete-markets lifecycle model; describe the data; present empirical

results; propose a model to rationalize results; quantify fiscal policy implications; and conclude.

1 Institutional background

The US student loan market Student loans are the second-largest consumer debt category

after residential mortgages, with $1.58 trillion in outstanding balances as of 2021Q3 across



roughly 43 million borrowers (Fed 2021, Hanson 2023). The average borrower owes about
$35,000, and median balances are around $23,000.

Since 2010, the federal government has offered loans to finance postsecondary education
through the Federal Direct Loan program. Direct Loans are owned by the US Department of
Education. Students may be eligible for preferential terms like reduced interest during school
based on family income, but federal loans are available to all students. Federal loans may not
fully cover higher education costs due to per-borrower limits.

Federal loans are structured as fully amortizing fixed rate term loans with a prepayment
option. The standard term is 10 years with a fixed monthly minimum. If borrowers make
payments exceeding the monthly minimum, they can subsequently pay less than their monthly
payment without becoming delinquent. Borrowers may also be eligible for income-driven pay-
ment plans, which cap monthly payments at a fraction of discretionary income and forgive
outstanding debt after a fixed number of years.?

Borrowers can also pay for school using private student loans. Private loans are generally
less attractive to borrowers. They carry higher interest rates and lack the generous options for
income-driven repayment and forbearance that federal loans do. Federal lending accounts for
about 92% of outstanding balances (Elan, Christopher, and Teslow 2021).

The federal government contracts with a limited set of companies to service the student
debt that it owns. Many of these companies are monolines set up for the sole purpose of
servicing federally-owned student debt. I use this institutional feature to distinguish between

federal and private student debt, and identify loans that are eligible for automatic forbearance.

CARES Act and automatic student loan forbearance The Trump administration announced
that it would suspend interest payments on student loans on March 13, 2020, as part of its
national emergency declaration in response to the ongoing spread of Covid-19 in the US. By
March 20, the administration announced that it would also suspend payments. At this point,
it was not clear what loans were eligible for the interest and payment suspensions, how long
they would last, or whether catch-up payments would be required.

The 2020 Coronavirus Aid, Relief, and Economic Security (CARES) Act passed on March
27, 2020 formalized the federal government’s student loan forbearance policy. The policy
automatically placed all federally-owned loans into administrative forbearance on an opt-out

basis.®> The interest rate on all outstanding debt was set to zero percent. If borrowers had

2Borrowers may elect a plan with increasing minimum payments over the loan term, and borrowers with large
balances can extend their term to 25 years. In 2019Q4, about 55% of borrowers in repayment were enrolled
in repayment plans with 10-year terms, 8% had terms exceeding 10 years, 31% were enrolled in income-driven
repayment plans, and 6% are enrolled in “alternative” repayment plans (Department of Education 2023).

3Prior to 2010, the Federal Family Education Loan (FFEL) program provided government guarantees to
commercially-issued loans. The program ended in 2010, but some FFEL loans remain outstanding. FFEL loans



autopay set up through their loan servicer, the law required that servicers automatically disable
it. The law also prevented missed payments from negatively impacting borrower credit scores.
Borrowers on income-driven repayment plans or working towards the federal Public Service
Loan Forgiveness plan received credit for missed payments in forbearance as if they had made
them. I take the passage of the CARES Act on March 27 as the start of the forbearance program,
though I also look for evidence of anticipatory behavior in advance of the change.

The policy was originally set to end on September 30, 2020. However, the Trump and Biden
administrations repeatedly extended the policy. The Department of Education estimates that
the program cost $25 billion over the first six months, with a total cost of $123 billion through
September 30, 2022 after several extensions.* The program ended August 2023.

CARES Act and direct stimulus payments The CARES Act also included provisions for direct
“Economic Impact Payments” (EIP) to be paid to independent US adults. Each household would
receive a payment of at most $1,200 per adult and $500 per dependent child, with payments
reduced for high-income households. The IRS determined eligibility based on 2019 tax returns
if available, and 2018 tax returns otherwise.

The IRS planned to deliver checks to adults with direct deposit information on file between
April 9 and April 17. After that, the IRS planned to start mailing paper checks, targeting lower
AGI individuals first. Payments largely concluded by the end of May.” In my sample, about
85% of student loan borrowers received their EIP on either April 14 or April 15.

2 Predictions from a consumption-saving model

This section studies how consumers in an incomplete-markets lifecycle model respond to stu-

dent loan forbearance compared to unanticipated stimulus checks. Appendix A provides proofs.

Setup A consumer lives for T € N U 00 periods. In period t = 0, the consumer has J amor-
tizing debt accounts with balances Bj, to repay. Accounts have gross interest rate R;, and
time-varying borrowing limit L;,, which generate an effective minimum payment schedule,
where B;, < L;, Vt. Accounts allow for prepayment. The consumer has a liquid checking ac-
count with balance X, that permits saving and borrowing up to limit L, at gross interest rate
Ry. Irefer to X, as “cash-on-hand.” Collect debt repayment parameters into 6 = {R;,, L;};,.

Borrowers treat these parameters as known in advance.

owned by commercial banks were not eligible for forbearance. But the federal government purchased some FFEL
loans in 2010-2011, and such loans were eligible for forbearance.

*See Appendix C.1 for calculation from Ed Department publications.

SFor more details about the disbursement timeline, see Appendix Table A.1 in Baker et al. (2020).



Each period, the consumer first receives income Yy, X G.5 Borrowers then sequentially
choose total saving x, and debt repayments {p;.}, with student loan payments p;, chosen last
by convention. Borrowers do not expect the environment to change within a period. If the
environment doesn’t change, they make choices as if are optimizing jointly, not sequentially.
The value function given state variables X, and {B;, } satisfies the following Bellman equation,

where the expectation is taken over y,,; and P = ). iPjt

Vi (XtJ{Bjt}j;G): max {U(Xt_x)+5EVt+1 (RO[X_P]+J’t+1:{Rj,t+1(Bjt_pj)};9)} (D)

X1Pj§;

st. X, —x+ > p;€[0,X,+Lo), p;€[Bj—Lj1.Bi], X;—x>0 (2)
J

where U is increasing and concave. The solution implies total saving, consumption, and debt
repayment policies x, (Xt, {Bj:};; 9), [ (Xt, {Bj:};; 6), and p;, (Xt, {Bj:};; 9) that hold when the

environment is unchanged within-period.”

Effects of stimulus payments and forbearance Stimulus checks delivered in period t gen-
erate an unexpected change in liquid account balances of AX between period t —1 and period
t, so that X, = Ry(X,_; —P,_;1) + y,41 + AX. The change is unexpected because y,,; + AX does
not follow the income process G. To study effects on behavior, I compare policies evaluated at
(X, {Bj.};; 0) to policies at (X, + AX, {B;, };; 0). I refer to AX as liquidity from stimulus checks.
Federal student loan forbearance starting period t is announced at the end of period t —1,
after all total saving and debt repayment choices except federal student loan payments have
been made. Forbearance lasting for F periods is represented by a change from 6 to 6’. During
forbearance, net interest falls to zero, so R}, = 1 for [ € [t, t + F]. The repayment schedule is
frozen until forbearance ends, so L), =L, , , forl €[t,t + Fland L), =L;;  for[ >t +F.

Given timing assumptions, student loan payments in period t — 1 are given by:

p{,t_l(Xt—la {Bj,t—l}j; 6,0") = argrr})ax UX e —x,4(560))
+OEV, (RO (xt—l('; 0) _P—j,t—l('; 0) _ps) + yt’Rst(Bj,t—t _ps): {Bjt}j;és; 9/) s.t. (2) (3)

To study effects on behavior, I compare policies evaluated at (X, {B;, };; 0) to those evaluated at
(X/,B.,,{Bj.};4:;0), where X/, B/, may differ from X/, B, because p,,_,(-; 0) # p{’t_l(-; 0,0").

st?

Claim 1 (Optimal debt repayment) Payment p;, exceeds the minimum payment only if: (i) all

accounts with strictly higher interest are fully repaid; and (ii) the interest rate on B; exceeds the

®Extending to a persistent income process is simple, and only requires adding a state variable.
’See Appendix A for conditions guaranteeing that policy functions exist, are unique, and are continuous.
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checking account interest rate, i.e. R;, = R,,.
Call p;, a marginal payment if it is strictly between the minimum payment and the full balance,

and call account j a marginal account. Then:
1. Foranytwo j,k € {1,...,J}, payments p;, and py, are marginal payments only if R;, = Ry,.

2. Increased saving from a stimulus check received in t will increase p;, if j is the unique

marginal account before and after the check arrives. If j is not marginal, p;, will not change.

3. If forbearance starting in t is announced when t —1 ends, then pi 1(:0,0)=0ifRy > 1.

Part (2) explains that stimulus checks will increase student loan payments during forbearance if
student loans are the marginal saving vehicle, and part (3) says student loan payments should
drop to zero if a borrower has any prepayable interest-bearing debt.®

Define Ap,, = p,,_,(+;0) = 0. This represents the increase in liquid resources in period t

due to forbearance, because optimal t — 1 payments under forbearance are zero.

Claim 2 (Stimulus checks vs. forbearance) Define Ac!’ and Ap;”t as consumption and debt
payment impacts of a stimulus check of size AX in period t, and define Ac{ and Apj.[t, j#sas
consumption and debt payment impacts of forbearance shifting 0 to 6'. Suppose R, = 1.

If consumption and non-student loan debt repayment are weakly decreasing in student loan

balances B, and student loan interest and limits R, .., L; 1,1 € [t, t + F], then to a first order:

Ac” f . Ap" Apf Ap..(-
. Ac < ac,() . i _ TP _ plt()Rst,j#S )
AX  Ap,, 0B, AX  Apg, 0B,
w f
Define AA} as the MPC out of stimulus checks, and 2;2 the MPC out of forbearance liquidity.
Claim 2 says the difference between these MPCs is bounded by the consumption impact of
higher student loan balances ; Bftt owing to lower period t — 1 student loan payments.

To understand this result, consider policies where AX = Ap,,. Stimulus checks increase
consumption by increasing checking account balances by AX — a direct wealth transfer. For-
bearance increases checking account balances by the same amount due to timing assumptions
and the endogenous decrease in student loan payments. But consumption changes through
three other channels as well. First, decreased student loan payments increase student loan
balances; second, the interest rate pause reduces debt service expenses; and third, the modi-
fied repayment timeline gives borrowers more flexibility (akin to a credit line extension). By
assumption, the first effect decreases, and the latter two increase, consumption. The first “MPC

out of wealth” channel is therefore an upper bound on the MPC difference.

8The borrower strictly prefers saving in a zero-interest checking account for precautionary reasons.



When combined with estimates of MPCs out of unexpected wealth changes in the literature,
Claim 2 shows that the model predicts very similar MPCs out of stimulus checks and forbear-
ance liquidity. First, the upper bound in equation (4) is likely quite small. Ganong and Noel
(2020) estimate a precise annual MPC out of changes in US housing wealth of 0.003, while
Paiella and Pistaferri (2017) estimate annual MPCs out of unexpected wealth shocks of around
0.01 to 0.03 using Italian survey data (where housing wealth drives most of the effect). In my
context, the upper bound is probably even smaller than 1-3%. Changes in housing wealth may
relax liquidity constraints by boosting collateral (as in Ortalo-Magné and Rady (2006) and J. Y.
Campbell and Cocco (2007)) whereas changes in student loan balances do not. Moreover, I
estimate MPCs over a four-week horizon, where MPCs are likely lower than these annual esti-
mates.” Second, the upper bound binds if forbearance does not increase borrower net worth.

This is unlikely, as forbearance lowered the present-value of interest payments by $25 billion.

3 Data and sample selection

3.1 Transactions data

Data overview [ obtain de-identified, individual-level consumer transaction data from a large
US data provider. The provider cleans and categorizes raw transaction data from major banks
and FinTech firms, and offers the resulting dataset as a product to investors. The aggrega-
tor obtains data primarily through direct agreements with financial institutions, rather than
consumers, although all data are user-permissioned (e.g. through terms of service).

The data contain information on credit card, debit card, and bank account transactions,
with links across accounts owned by the same consumer, for about 60 million individuals from
January 2010 to May 2021. I observe transaction amount, date, and description for all credits
and debits made to each account, along with some merchant information and metadata. The
data also include demographic data on income and county of residence.

The data provider groups transactions into approximately 40 categories using merchant and
transaction descriptions. I use these categories to construct expenditure and income variables.
For expenditure, I distinguish between durables and broad non-durables, and further separate
non-durable expenditure into food, household spending, and a residual “other non-durable”
category. Net savings includes direct transactions into saving, investment, or retirement ac-
counts and payments on credit cards, mortgages, autos and insurance, and tax. I calculate

income by summing regular salary and income from investments and other irregular sources.

For example, Parker et al. (2013) find that the six-month MPC out of 2008 stimulus payments is 60% higher
than the three-month MPC.
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For the borrowers with linked credit card accounts, I also compute a lower bound on
interest-bearing credit card balances. Specifically, I calculate cumulative charges and repay-
ments on linked cards and estimate the daily lower bound on interest-bearing credit card debt

as the difference between cumulative repayments and charges as of 52 days prior.'°

Identifying student loan borrowers I identify student loan borrowers using student loan
repayments. I measure student loan repayment through transactions to known student loan
servicers, identified using merchant name extracted by the data provider and manual text
searches of transaction descriptions. Since the federal government contracts with a small set
of servicers, the servicer determines forbearance eligibility. While some servicers contract ex-
clusively with the federal government, others also have private clients; I classify federal student
loan repayments as transactions with federal-exclusive servicers.!! See Appendix B for details.

This method only allows me to identify student loan repayments, not balances. I cannot
identify borrowers with outstanding balances in default, with outstanding balances in forbear-
ance, or who are sufficiently paid ahead that no monthly payments are required.'?

I also track payments to 30 companies that service private student loans originated by major
lenders, but were not eligible for automatic forbearance under the CARES Act. This allows me

to identify borrowers with private debt. Appendix B has details on identifying private loans.

Sample selection and summary statistics I construct a panel restricted to active users with
federal student debt in repayment observed between January 2019 and January 2021. To
exclude people who exit the sample or for whom I do not observe primary accounts, I define
active users as those who (i) have more than five transactions in each month; and (ii) have
annual spending exceeding the income of a half-time minimum wage worker.

I identify borrowers in repayment as those who make regular payments between January
2019 and February 2020. Among users with any federal student loan payments during the sam-
ple period, I require users both: (i) make payments in at least two out of every three months;

and (ii) have average repayment amounts above $20 per month. The first restriction gives

19T accumulate charges and repayments starting on Jan 1, 2019. I choose 52 days to align with the at most
31 days between the purchase date and the statement closing date, plus a 21-day grace period (the federally-
mandated minimum and industry standard). This is a lower bound because: (i) the method only calculates debt
incurred after January 1, 2019; (ii) the method ignores debt held on unconnected accounts; and (iii) credit card
companies cancel grace periods for users with interest-bearing debt.

Hpublicly-available information indicates which servicers are federal-exclusive. I reached out to all federal
exclusive providers to confirm that all loans in the company portfolio were eligible for automatic forbearance
under the CARES Act. I received responses from the two largest servicers, who both confirmed. I have run
basic results in Section 4.1 separately using payments to these servicers, which confirm that among this subset,
post-forbearance loan repayment rates are similar to the full sample.

12Figure 2 in Cherry et al. (2021) shows that around 50% of borrowers were already in forbearance before
automatic forbearance began. These borrowers are unlikely to be in my sample. However, they also receive no
liquidity from forbearance in the sense defined in Section 2, meaning they should be excluded from the analysis.
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some allowance for borrowers who pay ahead and subsequently skip payments; the second
restriction excludes borrowers with minimal balances.

These restrictions produce a balanced panel of around 312,000 borrowers. Table 1 presents
summary statistics for 2019 characteristics of the main panel of federal student loan borrowers,
split by quartile of 2019 total student loan repayments. Total monthly student loan payments
are about $340 on average, ranging from $66 per month in the bottom quartile to $856 per
month in the top quartile. The bulk of these payments go towards repaying federal loans, al-
though about 9% of borrowers hold private loans as well. The average annual income is around

$85,000, with higher incomes for borrowers with higher monthly student loan payments.

Table 1: Sample summary statistics for transactions panel

Avg student loan pmt quartile
Quartile 1  Quartile 2  Quartile 3  Quartile 4 Total

Total student loan pmt 65.8 158 284 856 341
Federal student loan pmt 65.1 155 274 818 328
Has private student loans .0255 .045 .0781 .204 .0882
Private student loan pmt | has private pmt 25.9 58.5 110 402 266
Total income 64,314 74,376 83,043 118,118 84,963
Has mortgage .299 337 .349 .388 .343
Mortgage pmt | has mortgage pmt 1,091 1,207 1,323 1,602 1,323
Has savings pmts .308 .316 .326 .367 .329
Savings pmts | has savings pmts 232 298 342 550 363
Has linked credit card .353 .374 .368 .382 .369
Has revolving debt | has linked card 377 .366 .335 .282 .339
Revolving debt lower bound | has linked card + debt 1,487 5,804 1,797 2,143 2,884
Total expenditure 3,405 3,601 3,663 4,370 3,760
Food expenditure 713 724 709 735 720
Household expenditure 719 744 755 864 770
Other nondurable expenditure 1,297 1,355 1,388 1,732 1,443
Durable expenditure 655 644 625 681 651
N 78,328 78,329 78,327 78,328 313,312

Source: Transactions panel. The table displays summary statistics for the main panel in 2019, split by quartile of 2019 total student loan
payments. For continuous variables, entries are mean monthly values in USD; for discrete variables, entries are the fraction with at positive
values over the year. Conditional means are conditional on having a positive value over the year, except for revolving credit card debt, where
means are conditional on having a positive value in a given month. A lower bound on revolving debt is calculated by summing credits and
debits for users with linked credit card accounts.

3.2 Survey data

I survey borrowers with student debt to understand financial literacy, program knowledge, and
motivations for non-standard debt repayment behavior during forbearance. In March 2023, I
recruited 798 US adults with student debt at some point since 2019 using Prolific, an online
survey platform with high attention and comprehension participants (Eyal et al. (2021)). The
survey’s first part identifies borrowers exhibiting non-fungibility and debt repayment mistakes
by violating Claims 1 and 2 in their response to forbearance and stimulus checks.

The second part assesses borrower knowledge about the student loan forbearance program
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and financial sophistication. To assess program knowledge, I first ask broadly about program
familiarity, key program features, and beliefs about own eligibility. I assess financial sophisti-
cation by testing whether borrowers understand incentives created by interest rate variation. I
ask borrowers how they would use $100 to repay two credit cards, one with balance $200 and
APR 25%, and the other with balance $300 and APR 20%. I classify borrowers who use any of
their budget to pay down the low-APR card as making a financial mistake.

In the third part, I directly ask respondents with student loan repayment inconsistencies
or mistakes to explain their actions. I asked respondents to write an explanation in a text
box to encourage reasoning about actual motivations, and then presented a separate screen
where participants could select multiple pre-specified options. I chose pre-specified justifica-
tions based on frequent free responses in piloting and to test specific theories.

Finally, I run a framing experiment asking how borrowers would spend a $300 windfall
over a year in a scenario with significant credit card and student debt. I randomly describe the
payment as made to (i) “all US households” because “US households are struggling financially,”
or (ii) “borrowers with student debt” because “households with student debt are struggling fi-
nancially.” If borrowers violate fungibility because they target non-optimal debt repayment
levels, then alternative framings may impact behavior by appealing to different ad-hoc budget-
ing rules or heuristics. I also cross-randomize the student loan interest rate to be 0% or 7% to
test for interactions with borrowers not knowing how to respond to interest rate differences.

See Appendix D for details about sample recruitment, survey structure, and pre-registration.

4 Empirical strategy and results

This section uses transactions data to empirically test Claims 1 and 2 before turning to survey

results to identify relevant features of a model describing observed behavior.

4.1 Non-fungibility and debt repayment mistakes

Claim 1 shows that after the onset of forbearance, borrowers — especially those with other
interest-bearing debt — should stop repaying federal student loans. If repayment remains op-
timal, borrowers should use stimulus checks to repay student loans. This section rejects these
predictions. Borrowers make significant post-forbearance repayments, despite not using stim-
ulus checks to repay federal student loans. This non-fungibility generates debt repayment mis-
takes: borrowers with significant interest-bearing debts also make payments in forbearance,
despite repaying high-interest debt first when using liquidity from stimulus checks. Divergent

debt repayment responses to forbearance and stimulus checks also challenges Claim 2.
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4.1.1 Empirical strategy: MPX out of forbearance and stimulus check liquidity

. . °—p,(+;0’
I aim to estimate MPXIf, = P08

) = pfi]e) and MPX" = %lw. MPX}{S gives the fraction of
forbearance liquidity used to prepay federal student loans. The numerator is the difference in
observed student loan payments relative to the optimal payments under forbearance, p,(:; 8') =
0. The denominator is the amount of forbearance liquidity received, equal to optimal payments
absent forbearance. MPX gives the fraction of stimulus check liquidity used on outcome m
— for example, federal student loan payments — and depends on Am", the change in m due to
stimulus checks, and AX, stimulus check size.

To examine whether borrowers use liquid resources consistently, I estimate how use of
stimulus checks to repay other debts varies with the amount of forbearance liquidity a borrower
uses to prepay federal student loans. To do so, I estimate the correlation between MPX z{s and

M PX;"_ for payments on other debts p;.
J

Forbearance MPX on federal student loans I estimate M PX[f using an interrupted time
series design, exploiting high-frequency changes in repayment around program onset. I first

estimate the following, where t indexes weeks and i indexes borrowers:
Psic = Po + f1Week, + B,Post, x Week, + aPost, + &, (5)

where Week, indicates weeks relative to the start of forbearance and Post, is an indicator
equal to one after forbearance begins. I exclude observations from the week of program on-
set due to implementation lags,'® and observations four weeks before and after forbearance
began. Appendix C.2 presents results from estimates with common time trends before and
after forbearance begins (; = f3,). I next estimate the four-week MPX on student loans as
@i = (Z‘Z’ZO Bo + ([31 + [32) t+ &) / (Zfzo Bo + By - t). The numerator gives payments
in the four weeks post-forbearance. The denominator predicts student loan payments had
forbearance not occurred by extrapolating the linear pre-forbearance repayment trend. The
identifying assumption is that absent forbearance, repayments would have evolved on a linear
trend relative to repayments in the previous four weeks. A concern with this assumption is that
the deteriorating economic environment would have caused many borrowers to default absent
forbearance. First, the linear trend should capture non-repayment due to economic hardship
before the CARES Act passed. Second, this concern implies the linear trend overestimates coun-
terfactual payments, so mi is a lower bound. If anything, I may therefore underestimate

the difference between the forbearance and stimulus check MPX on student loans.

13The CARES Act passed on a Friday, and I see some payments initiated on Friday that processed over the
weekend. Servicers seem to have ironed out implementation by April 1, 2020.
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Stimulus payment MPX on federal student loans I estimate the stimulus payment MPX on
federal student loans by adapting the design from Baker et al. (2020). Intuitively, I compare
within-person student loan payments before and after EIP receipt, and use variation in EIP
timing across borrowers with similar characteristics to estimate counterfactual time trends in

the post-receipt period. I estimate the following specification, where t indexes days:
Ps,it:Yi+5yt+z.ukﬂ(t€Tk)i'EIpi"‘eit (6)
k

where EIP; is borrower i’s stimulus payment and 1(t € T); is an indicator equal to one if date
t is in the set of T periods after the date that borrower i receives the stimulus payment.

My main specification sets Ty € {Tp,., Trpx> Tposc }> Where Tp,, = [tmins—7)> Tupx = [0,28],
and Tp,,, = (28,t

student loans out of stimulus checks. Borrower fixed effects y; control for unobserved time-

max)- The coefficient of interest is u,px, the four-week MPX on federal
invariant factors that impact payments, such as minimum payments or latent desires to repay
debt sooner. Income-by-time fixed effects &,, control for unobserved time trends that vary by
permanent income, proxied using 2019 total income. Allowing income-specific time trends is
important because Chetty et al. (2020) finds that spending declined more sharply for higher
income workers when the pandemic began. The identifying assumption is that unobserved,
borrower-specific student loan payment time trends within income class are uncorrelated with
stimulus receipt timing.'*

I evaluate the identifying assumption by estimating a version of (6) with T, € {t : t €
[—7,28]}, where coefficients u, represent the daily MPX. The assumption is more plausible if
U, = 0 for k < 0 before stimulus check receipt, and increase sharply when k = 0.

In Appendix C.3, I estimate a version of equation (6) using the estimator described in
Borusyak, Jaravel, and Spiess (2024) to address concerns about non-constant weights on het-
erogeneous treatment effects in staggered difference-in-differences designs. Results are similar.

I also use specification (6) to estimate the stimulus check MPX on other outcomes m.

Correlation between forbearance and stimulus check MPX To examine how people spend-
ing forbearance liquidity on federal student loans use their stimulus checks to repay other debts,

I estimate equation (6) with event time coefficients interacted with borrowers’ estimated stu-

4The regression also uses cross-sectional variation in the EIP payment size to estimate ;.
150bserving u; > 0 for k < 0 does not necessarily imply the identifying assumptions are violated because
borrowers might increase spending in anticipation of stimulus check receipt if they are not liquidity constrained.
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dent loan MPX out of forbearance:

Pi=vi+8,+ . [wm+dMPX. |1(t €T, EIP, +e, %)
ke{Pre,MPX,Post}

I estimate MPX z{ ; by dividing a borrower’s total realized student loan payments in April and
May by average monthly payments before February 2020. This specification gives the MPX

on payments p; out of stimulus payments as a function of the fraction of forbearance liquidity

—_—W A N /\f n .
used to repay federal student debt: MPX ;= (ypx + Dupx "MPX, ., where ¢,,px estimates
]2 s>
w

, — ——f
the covariance between MPX Do and MPX i
JJ L3l

4.1.2 Implementation and results

The first three results establish that borrowers treat liquidity from forbearance as non-fungible

with liquidity from cash transfers.

1. Borrowers use a significant fraction of forbearance liquidity to prepay federal student
loans. Figure 1a plots average borrower payments on federal student loans by calendar week
to illustrate the variation used to estimate Wﬁ Before forbearance, borrowers paid an
average of around $80 per week, consistent with the average of $328 a month in Table 1.
At the onset of forbearance, payments drop to around $40 per week, but persist above zero.
Therefore, borrowers use much of the liquidity from forbearance to repay their student debt.

I also plot predicted values from specification (5) to compare actual payments to counter-

factual payments predicted using pre-forbearance time trends. The estimate M PX b, integrates
predicted values from the actual and counterfactual payment trends in the four weeks after
forbearance begins and taking the ratio. The first column in Table 2, Panel A reports the re-
sult: on average, borrowers used about 44% (SE = 0.4%) of the liquidity from forbearance to
prepay federal debt over the first four weeks of the program.'® Repayments persist for months
after April 2020, showing that delayed borrower reactions do not drive results. Appendix C.2
shows results are unchanged if I impose common time trends (f3; = f3,) when estimating (5).

There are two reasons to support interpreting this estimate as a four-week MPX. First,
repayment trends are flat in the four weeks before forbearance, despite March economic hard-

ship. Borrowers in my sample — who have some college education — may have escaped negative

16These results align with estimates from representative credit bureau samples. Goss, Mangrum, and Scally
(2023) finds that among borrowers with declining balances pre-forbearance, about 34% continued to reduce
their balances, almost identical to estimates from Figure E2. In Cherry et al. (2021), before the pandemic, 50%
of student loans were in forbearance (Figure 2), with likely zero payments. Around 80% of borrowers missed
payments from March 2020-May 2021 (Figure A7, Panel (d)) . Therefore, around 40% of borrowers who were
not in forbearance prior to forbearance continued making payments after forbearance.
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Figure 1: MPX on federal student loans, by liquidity source
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Source: Transactions panel. The vertical line indicates the onset of forbearance. Panel (a): The “raw data” series plots average weekly pay-
ments on federal student loans for the full sample. The “predicted—before” and “predicted-after” series plot predicted values from coefficient
estimates of specification (5), pre- and post-forbearance. The estimate of the MPX on student loans out of forbearance liquidity is the ratio
between the pre-forbearance predicted values integrated over four weeks of the post-forbearance period and the post-forbearance predicted
values integrated over four weeks of the post-forbearance period. Panel (b): The figure plots event time coefficient estimates from (6) with
Ty € {t : t €[—7,28]}, where [i; represent daily MPX on federal student loans out of stimulus checks. Horizontal line plots {i);px estimated
from (6) relative to the pre-EIP average. Spikes plot 95% confidence intervals calculated from borrower-clustered robust standard errors.

shocks leading to missed payments, as initial Covid-related job losses were concentrated among
low-wage workers (Chetty et al. 2020). This supports predicting counterfactual payments us-
ing a linear trend estimated on pre-forbearance payments.

Second, a placebo test using payments on private loans, which were not subject to for-
bearance, builds confidence that pre-forbearance trends generate reasonable predictions of
counterfactual payments. I apply my methodology to private loan payments for borrowers
with private and federal student loans. I should estimate an MPX on private student loans of
around one if a pre-forbearance linear trend well-approximates post-forbearance repayment.
The second column in Table 2, Panel A shows a point estimate of 0.93 (95% confidence interval:
[0.89,0.97]). The pre-forbearance trend slightly over-estimates post-forbearance repayments,
although this could partly reflect private forbearance. Hence, my estimates may face a small
downward bias.!”

To give insight into borrower-level heterogeneity, Appendix Figure E1 plots the fraction

of borrowers who make payments on federal student loans each week. The post-forbearance

17 Appendix C.2 presents results from another placebo test with borrowers who only have private debt. This
group has no forbearance treatment, but is likely much less representative, because borrowers have no federal
debt only in very unusual circumstances. This placebo test implies a slightly larger downwards bias.

17



decline is roughly proportional to average payments drop shown in Figure 1a. Therefore, bor-
rowers chose to either spend either all or none of their forbearance liquidity on prepayments.
This echoes Coibion, Gorodnichenko, and Weber (2020), who use surveys to find that the

individual-level MPX on debt repayments out of stimulus checks clusters at zero and one.

2. Borrowers with higher student loan payments prepay more during forbearance. Higher
economic stakes due to higher payment levels do not induce borrowers to spend less forbear-
ance liquidity repaying federal debt.. The last four rows of the first column in Table 2, Panel
A estimate mps for borrowers imputed to have different levels of federal student debt, split
by total 2019 federal student loan payments normalized by 2019 income (a debt-to-income

ratio). MPX o, 18 about 17% higher in the top debt-to-income quartile than the lower quartiles.

3. Borrowers do not use stimulus checks to prepay federal student loans. Student loan
prepayments after forbearance need not be inconsistent with fully-informed, rational behavior.
Prepaying 0% interest student debt might be attractive if alternatives offered equivalent (or
even negative) yields. In this case, borrowers would also use saving from other windfalls — in
particular, stimulus check payments — to repay student loans, intuition formalized in Claim 1.

Figure 1b investigates this by plotting estimates from specification (6) with T, € {t : t €
[—7,28]} where coefficients represent the daily MPX on federal student loan repayments out
of stimulus payments.'® Federal student loan repayments increase sharply on stimulus check
receipt. But magnitudes are miniscule, at most around 25-30 basis points. The first column in
Table 2, Panel B uses fi,,px from the main version of specification (6) to estimate the four-week
MPX on federal student loans out of forbearance liquidity. I plot the estimate in Figure 1b for
comparison with daily estimates. The MPX is 0.93%, a statistically significant 43 percentage
points lower than Wﬁs (SE of the difference = 0.4%). This behavior violates predictions
of savings models where agents respect fungibility of financial resources, and suggests that
borrowers viewed the two transfers as non-fungible.

The next two results indicate this non-fungibility generates costly debt repayment mistakes.

4. Borrowers prepay 0% federal student loans instead of higher-yielding consumer debt.
I examine federal student loan prepayment during forbearance for borrowers with credit card
or private student debt. Neither debt category carries prepayment penalties, and the economic
stakes of mis-prioritizing payments on these debts are high due to high interest rates.'® Fur-

thermore, if prepayment in forbearance relates to borrower views on education debt, then

181 include the full sample of borrowers, regardless of whether they received stimulus checks. Borrowers who
do not receive stimulus payments improve estimation of income decile by calendar time trends.

In March 2020, the average APR paid on credit card debt were 17% (McCann 2022, Federal Reserve Board
2023), and the average 10-year private student loan fixed rate was around 6% (Carter 2022).
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borrowers may treat private student debt similarly.
I first study the 37% of my sample with a linked credit card for whom I can impute a lower
bound on balances. Table 1 shows that at least 34% of these accounts revolve debt in 2019.
Many federal student loan prepayers simultaneously hold substantial interest-bearing credit
card debt. In Figure 2, I condition on borrowers with outstanding credit card debt from March
through June 2020 (the “credit card mistakes” sample, for whom prepayment is an unambigu-
ous mistake®°), and track federal debt repayment from the start of forbearance in April through

June. Points left of the vertical line show values for the full linked credit-card sample.

Figure 2: Debt repayment mistakes versus credit card debt levels
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Source: Transactions panel. The figure plots debt repayment mistakes for the sample of borrowers who have a linked credit card account and
a positive revolving balance from March through June 2020. The left panel plots the fraction of borrowers who make any payments on federal
debt between April and June 2020, and the right panel plots the mean, median, and 75th percentile of cumulative payments on federal debt
between April and June 2020. Each panel plots the mean value on each axis within each credit card debt decile. The lower bound on credit
card debt as of June 2020 is winsorized at the 95% level.

About 30% make this mistake, a slightly lower proportion than in the full sample. The
left panel plots the fraction of borrowers who make any payments on federal student loans by
credit card debt quintile. Highly indebted borrowers are less likely to make the mistake, but
even 27% of borrowers with over $10,000 in credit card debt prepay their student loans.*!

How costly is this mistake? The right panel conditions on borrowers making prepayments

between April and June, and plots prepayment amounts by credit card debt level. A borrower

20 Appendix Figure E2 plots the fraction of borrowers making federal debt payments each month, split by credit
card debt during the last week before forbearance began. Such borrowers might not be making a mistake, since
they could have repaid their credit card debt before forbearance started.

21Since credit card debt levels are a lower bound, estimated slopes have attenuation bias. If the true slope
between credit card debt and student loan payments is negative, the slope estimate will be biased towards zero.
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with at least $10,000 in credit card debt paid around $1,400 towards their 0%-interest student
loan from April to June at the 75" repayment percentile. The annualized cost of this mistake
is around $1,400 x 17% ~ $238. If borrowers continue making this mistake, over a year they
would pay around 6 x $238 = $1,428 in excess interest.

The third column in Table 2, Panel A quantifies this mistake in MPX terms. Borrowers
with credit card debt use 40% of their forbearance liquidity to prepay their 0% interest federal
student loans during the first four weeks of forbearance. Even borrowers in the highest credit
card debt quartile, with median debt levels around $8,600, or 12% of 2019 income, spend over
30% of the liquidity received from forbearance on prepaying federal student debt.

I find similar results for the 8.8% of borrowers with private student loans. I impute a lower
bound on balances by summing private student loan payments between June 1, 2020 and
January 1, 2021. The fourth column in Table 2, Panel A shows that such borrowers spend 33%
of the liquidity received from forbearance on federal debt, slightly lower than the full sample

or credit card borrowers. Appendix C.4 presents additional results for private borrowers.

5. Borrowers appropriately prioritize repaying high-yield debt out of cash windfalls.
Repayment mistakes might reflect that borrowers struggle to appropriately prioritize debt re-
payments in response to liquidity windfalls in general. To test this, Table 2, Panel B uses speci-
fications (6) and (7) to estimate the MPX out of stimulus checks on credit card debt repayment
for indebted borrowers. Rather than make the same debt prioritization mistakes, the same set
of borrowers use their stimulus checks to pay off credit card debt but not federal student loans.

The second column examines borrowers with above-median credit card debt when forbear-
ance began. Such borrowers spend about 15% of their stimulus checks on repaying credit card
debt over the first month — an economically-significant amount, given its similar magnitude
to the estimated MPX on consumption expenditures. The third column shows that borrowers
with above-median debt in the “credit card mistakes” sample use 7.5% of their stimulus checks
to repay credit card debt in the first month. Across subsamples, borrowers use precisely none
of their stimulus checks to repay federal student debt (p-value of the diff = 0.000).

The last two rows of Table 2, column 3 report estimates from specification (7). The fifth
row estimates the MPX for borrowers who stopped payments (30 X fi,,px), and the sixth row
estimates the MPX for borrowers who used all of their forbearance liquidity to repay federal
loans (30 x ({ypx + (ﬁ wvpx)). Borrowers who mistakenly prepaid federal student loans rather
than credit card debt used more of their stimulus checks to pay down that debt.

The fourth column in Table 2, Panel B similarly shows that borrowers with private student
debt use their stimulus checks to prioritize private over federal student loan repayment. Bor-

rowers with above-median debt spend 4% of their stimulus checks paying down private student
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Table 2: Four-week MPX out of forbearance and stimulus checks

21

A. MPX on student loans out of forbearance liquidity

Outcome Full sample Private CC debt > 0, Private SL debt > 0,
SL debt > 0 Apr-June 2020 June 2020
Federal SL pmts 0.442%** 0.366%** 0.397%** 0.332%%*
(0.004) (0.01) (0.017) (0.011)
Private SL pmts 0.931%**
(0.022)
p-val of diff vs. fed SL pmts 0.000
. 2019 fed pmt June 2020 CC debt Apr-June 2020 private
Federal SL pmts split by: / incomi / 2019 income SLppmts /2019 Ifncome
Q1 0.413%** 0.471%** 0.273%**
(0.013) (0.04) (0.017)
Q2 0.39%** 0.396%*** 0.314%***
(0.009) (0.041) (0.314)
Q3 0.417%** 0.368%*** 0.352%%**
(0.007) (0.018) (0.021)
Q4 0.482%*+ 0.328%%* 0.396%*
(0.007) (0.019) (0.029)
N in sample 313,312 27,536 22,580 17,336
B. MPX out of stimulus checks
Outcome Full sample CC debt > 0, CC debt > 0, Private SL debt > 0,
March 2020 Apr-June 2020 June 2020
(Above-median debt)  (Above-median debt) (Above-median debt)
Federal SL pmts 0.009*** 0.012 0.006 0.006
(0.002) (0.007) (0.004) (0.011)
p-val of diff vs. forbearance MPX 0.000 0.000 0.000 0.000
Total spending 0.174%** 0.134%** 0.129** 0.142*
(0.01) (0.04) (0.044) (0.061)
Broad nondurable 0.09%** 0.059* 0.069* 0.042
(0.006) (0.028) (0.031) (0.054)
Credit card pmts 0.15%** 0.075%**
(0.029) (0.014)
p-val of diff vs. fed SL pmts 0.000 0.000
Private SL pmts 0.04**
(0.013)
p-val of diff vs. fed SL pmts 0.058
Credit card pmts 0.072%**
(SL MPX = 0) (0.015)
Credit card pmts 0.093***
(SLMPX =1) (0.015)
Private SL pmts 0.036*
(SL MPX = 0) (0.016)
Private SL pmts 0.044*
(SLMPX = 1) (0.022)
N in sample 313,312 14,947 11,290 8,668

Source: Transactions panel. * p=0.05, ** p=0.01, *** p=0.001. Each entry gives estimated four-week MPX on the variable listed in the
“outcome” column out of liquidity from forbearance (Panel A) or stimulus checks (Panel B). Robust standard errors clustered at the borrower
level are reported in parentheses. Panel A: Column 1 reports estimates on the full sample and splits by quartiles of 2019 federal student loan
payments-to-income ratios. Column 2 restricts to borrowers with both federal and private student loan debt as a placebo test. Column 3
restricts to borrowers with interest-bearing credit-card debt each month from April-June 2020, with sample splits by quartiles of June 2020
credit card debt to 2019 income ratios. Column 4 restricts to borrowers with outstanding private student debt as of June 2020, with sample
splits by quartiles of payments on private student debt between April-June 2020 to income ratios. Panel B: The first five rows report u;px % 30
from separate regressions from specification (6). The row “p-val diff vs. forbearance MPX” reports the p-value of a test of equality of the
MPX out of stimulus checks and forbearance liquidity on federal student loans, calculated by taking the difference in 1,000 bootstraps and
inverting the largest 1 — a/2-level confidence interval not containing 0. Remaining rows report iy;px * 30 and (,aMPX + ¢3 MPX) x 30 for the
MPX on credit card and private student loan payments for borrowers with a forbearance MPX on student loans of zero and one, respectively,
estimated using specification (7). Column 1 reports estimates for the full sample; Column 2 for borrowers with an above-median lower bound
on credit card debt for the week of March 16, 2020; Column 3 for such borrowers with above-median average debt as of June 2020; and
Column 4 borrowers with above-median cumulative private student loan payments between June 1, 2020 to January 1, 2021.



debt, but use essentially nothing to repay federal loans (p-value of the diff = 0.058). Estimates

from specification (7) confirm this inconsistency.

Alternative explanations These results appear consistent with mechanical inattention. If
borrowers did not know about the program or its details, they would both repay student loans
at pre-forbearance levels and not use their stimulus checks to increase repayment.

There are six reasons to reject this alternative explanation. First, the program included
many “nudges” to induce take-up among inattentive or uninformed borrowers. The payment
pause was automatic and opt-out, so borrowers stopped receiving monthly bills notifying of
payments due. Loan servicers were required to stop payments for borrowers with autopay.
If borrowers took no action, payments stopped. Borrower inattention would therefore bias
results against finding a high forbearance MPX on federal loans.

Second, borrowers were ex-ante likely to know about the program. Federal student loans
are prominent on borrower balance sheets, and the pandemic response dominated the news
and public discourse in March and April 2020. The CARES Act required borrower notification
about the program by April 11, 2020. The Department of Education student loan information
webpage and the websites of all federal student loan servicers prominently displayed notices
with information about the payment pause (see Appendix Figure E8).

Third, mistakes do not consistently shrink with economic stakes, as rational inattention
theories would predict. Table 2, Panel A shows that if anything, borrowers with the highest
debt-to-income ratios have a higher forbearance MPX on student loans.

Fourth, borrowers may make payments using “push” autopay through their bank rather
than “pull” autopay with their servicer. This is uncommon, since federal law requires a 0.25%
interest rate discount for borrowers with “pull” autopay. Appendix Table G.7 shows that only
24% of prepayers use push autopay and are not more likely to do so than non-prepayers, and
Appendix C.5 shows repayment patterns are inconsistent with widespread autopay usage.

Fifth, as shown in Appendix C.5, payment amounts became more variable and clustered at
round numbers, evidence that borrowers made active post-forbearance repayment choices.

Sixth, borrowers who continue student loan payments are not “habit” consumers, and in-
stead rapidly adjust behavior in response to government policy. Table G.3 shows estimates
of the four-week consumption expenditure MPX out of stimulus checks for hypothetical “pas-
sive” borrowers who made student loan payments after forbearance began but before stimulus
checks arrived (and potentially changed borrower behavior). These borrowers have a total
spending MPX of 16%, and a broad nondurable MPX of 7.9%.

There are other reasons to prepay student debt during forbearance. Borrowers may have

wanted to lower debt-to-income ratios before apply for a mortgage, recognized that student
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loans are not dischargeable in bankruptcy, or found student loan debt aversive. However, such

arguments predict similar student loan repayment out of stimulus checks, which the data reject.

4.2 Expenditure responses

4.2.1 Empirical strategy and implementation details

Claim 2 predicts that forbearance impacts consumption and debt repayment for two reasons.
First, borrower cash on hand increases because it is optimal to stop student loan payments.
Second, consumption or non-student loan debt repayment increases due to higher cash on
hand. On a per-dollar basis, the stimulus check response should approximate this second effect.

Because borrowers overpay their student loans, cash on hand increases by less than the
amount of forbearance liquidity received. Additionally, behavioral responses to forbearance
appear inconsistent with responses to stimulus checks. Hence, an extra dollar in cash-on-hand
from forbearance and stimulus checks may have different consumption impacts.

I use a difference-in-differences design to estimate consumption responses to forbearance
and use problem (1)’s structure to interpret results. Implied expenditure out of forbearance
cash on hand is much lower than expenditure out of stimulus checks. However, even if the
implied MPX were identical, the MPX out of total liquidity would be much lower for forbearance

than stimulus checks.

Difference-in-difference design. Recently paid-off borrowers. I would ideally compare
the change in spending for ex-ante identical borrowers receiving different amounts of liquidity
from forbearance. To approximate this, I use the fact that otherwise similar borrowers may
have slightly different repayment dates on their federal student loans. Since federal loans
have a common loan term by default, two borrowers experiencing common income and other
economic shocks may finish repaying their loans at different times.

Consider two groups of federal borrowers with similar pre-forbearance repayment trajecto-
ries, where one group pays off their loans slightly before the government announced forbear-
ance. The group who recently repaid their loans receives no liquidity from forbearance. I use
these borrowers as a control group to trace out counterfactual spending patterns for the “con-
tinuous payment” group with outstanding balances, who do receive liquidity from forbearance.

Appendix Figure E9 visualizes the treatment variation. I plot monthly federal student loan
payments for borrowers who recently paid-off their loans and borrowers with debt outstanding
when forbearance began. I group borrowers by pre-forbearance (or pre-repayment, for the
paid-off sample) loan payment quartile (deciles in estimation). Intuitively, I first compare the

change in spending between borrowers in the recently paid-off group to borrowers who still
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have debt, before and after forbearance, holding fixed pre-forbearance payment levels. I then
correlate the difference in pre-versus-post forbearance spending between the two groups with
differences in forbearance liquidity each group obtains.

I translate this intuition into the following regression, where t indexes month:

8
lt=ﬁ+5yt+a)ps,t+ZO‘iﬂ(l’:k)i'Pmti-i-Eit (8)

k=—7
where c;, is an expenditure variable, y; are borrower fixed effects, y,, are time-by-permanent

income decile fixed effects, w, , are time-by-pre-forbearance payment decile fixed effects, and

P
Pmt; is pre-forbearance payment levels for borrowers with outstanding student debt when
forbearance began. Since Pmt; is the liquidity received by borrowers with outstanding debt
relative to the control group who just repaid their loans, the coefficients of interest are o,. The
identifying assumption is that absent forbearance, spending would have evolved in parallel for
borrowers still in repayment and recently paid-off borrowers with similar initial debt levels,
controlling for income-by-time trends.

Under the parallel trends assumption, the coefficients o, are the causal impact of an extra
dollar of monthly forbearance liquidity on spending in the k'" month after forbearance starts.

I report two ways of transforming this into an MPX out of forbearance liquidity. First, I report
1
o
from program announcement, but only take into account the additional liquidity they will

G,. This is the first-month MPX assuming that borrowers adjust their expenditure starting
receive over the first month. The second approach recognizes that households with liquidity
constraints may only adjust expenditures when liquidity actually arrives. Forbearance liquidity
arrives on typical payment due dates. These are distributed throughout the month, motivating
an estimate that averages over the program’s first two months: 0.5 x (&7 + 61).22

Since I do not observe loan balances, I must impute when a borrower has repaid her loans,
and screen out possible refinancing activity. I describe the full procedure in Appendix C.6. To
summarize, I start with a sample of borrowers who stop making payments in 2019Q2-Q3. I
check a number of conditions to verify that borrowers stopped making payments because they
finished paying off their loans, rather than other reasons, and apply symmetric conditions to

the treatment group of borrowers who continue making loan payments.

22This assumes a uniform distribution of payment dates, which the data approximately support. Both measures
may overstate the forbearance MPX. The first ignores that forward-looking, unconstrained borrowers may adjust
their expenditure not just in response to the anticipated extra liquidity over the first month, but also future
months. The second measure faces a similar issue, since the event time coefficients 0'% mix the one-month MPX
for borrowers with due dates late in the month with the second-month MPX out of the event month O transfers
and the one-month MPX out of the event month 1 transfers. Therefore, the natural experiment estimates likely
overestimate the MPX out of forbearance, making comparisons with the semi-structural MPX directionally robust.
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Robustness. Heterogeneous federal-private debt mix. Appendix C.7 presents quantita-
tively similar results from an alternative design that compares borrowers with a different mix
of federal and private loans. This approach compares borrowers with only federal debt and

borrowers with a similar amount of total debt, split between federal and private loans.

f
Interpreting estimates. The difference-in-differences approach estimates M PX{ =E [%],

where Aclf and Ap,; are borrower i’s change in consumption and optimal student loan pay-
ments, respectively, due to forbearance. Applying a first-order approximation to the consump-
tion policy function from Section 2, the change in consumption is Aclf A %Ap;, where
Ap? = p2(+;0)—p?(+; 0") represents the observed decrease in student loan payments following
forbearance. This expression implicitly assumes that the lower bound in equation (4) binds at
zero. This implies that MPX/ ~ E[ 258 . (1—mPx! ) ].

I use this decomposition in two ways. First, I estimate implied expenditure out of for-
bearance cash-on-hand as Wf / (1 — Wﬁs), with Wﬁs estimated as in Section 4.1.1. A
lower value than the MPX out of stimulus checks indicates lower spending out of cash-on-hand
originally earmarked for debt repayment.

Second, I estimate the counterfactual “semi-structural” MPX out of total forbearance lig-
uidity if % were the same for forbearance and stimulus checks. This is a plug-in estimate of
MPX/, given by: @f’semi =N"1>, g—g : (1 — mi’i). This indicates how much of the dif-
ference between MPX { and the MPX out of stimulus checks reflects student loan prepayment
versus differences in expenditure out of cash-on-hand, conditional on prepayment.®?

In the main specification, I parameterize % = Uppx+Pupx - MPX f i and estimate Uy pyx, Pupx»
and M PXzi,i as in specification (7). Appendix C.8 shows that results are unchanged if I: (i)
parameterize % nonlinearly to allow more flexible correlations with MPX 113:, ;> and (ii) estimate

u, ¢ with the imputation estimator in Borusyak, Jaravel, and Spiess (2024).

4.2.2 Results

I first evaluate the identifying assumption for the difference-in-differences design: parallel
trends between treatment and control groups after forbearance begins. If parallel trends hold
prior to forbearance, they more plausibly hold afterwards. Figure 3 plots 6‘,1 from specification
(8).%* The figure shows no pre-trends. I therefore interpret 6,1 as the causal impact of an extra

dollar of monthly forbearance liquidity on spending in the k' month after forbearance starts.

23 Appendix C.6 describes the exact treatment effect the recently paid-off borrower identification strategy de-
livers and how I apply the semi-structural approach to estimate a comparable average.

24Omitting one coefficient is required to avoid multicollinearity. To see this, divide specifications (8) by Pmt;.
It is then clear that estimation is not possible with the full set of event time effects 0.
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Figure 3: Effect of forbearance on monthly spending — recently paid off borrowers
Panel A. Total spending. Panel B. Broad nondurable spending.
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Source: Transactions panel. The figure plots event time coefficients (”711 estimated from specification (8), where the outcome variable is either
total (Panel A) or nondurable (Panel B) spending. Spikes plot robust 95% confidence intervals clustered at the borrower level.

Table 3 presents estimates. Panel A focuses on the sample used in the paid-off borrowers
difference-in-differences design, and reports results for total and broad nondurable spending.
Borrowers spend about 17.1% of their stimulus checks in the first four weeks, with 9.3% spent
on nondurables. The MPX out of forbearance liquidity is much lower. Point estimates range
from -1.1-1.3%, and are insignificant at the 5% level. 95% confidence intervals rule out a
forbearance MPX exceeding 4.24% for total spending (one-fourth of the MPX out of stimulus
checks) and 2.8% for nondurable spending (30% of the MPX out of stimulus checks).

These results reject Claim 2. Claim 2 and literature estimates bound the difference between
annual stimulus check and forbearance MPCs by less than 3pp. I can reject a total spending
forbearance MPX that is 9.7pp less than the smallest stimulus check MPX that I cannot reject.

What drives the low MPX out of forbearance liquidity relative to stimulus checks? First, the
implied expenditure out of forbearance cash-on-hand is very low: 95% confidence intervals
rule out effects greater than 5.3% (total) and 3.9% (nondurables). Based on semi-structural
estimates, significant loan prepayment out of forbearance liquidity is also relevant.

Panel B reports full-sample stimulus check MPX and semi-structural estimates. Estimates
imply that even if expenditure out of forbearance cash-on-hand were the same as the MPX out

of stimulus checks, the forbearance MPX would be 30% lower than that of stimulus checks.

4.3 Survey results: Motivations for student loan payment in forbearance

The transaction data results shows that borrowers do not treat financial resources as fungible
when repaying debt. Non-fungibility appears to result from a flypaper effect, where liquidity

“sticks” to the student loan repayment context in which it is provided. Forbearance liquidity
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Table 3: Four-week spending MPX, stimulus checks vs. forbearance

A. Paid off borrowers

B. Full sample

Spending Total Broad nondurable  Total Broad nondurable
Liquidity source and measurement

Stimulus checks 0.171%** 0.093*** 0.174%** 0.09%**

(0.016) (0.01) (0.01) (0.006)

Forbearance: Paid off borrowers 0.013 0.006

(Month 1) (0.015) (0.011)

Implied expenditure out of 0.022 0.011

forbearance cash-on-hand [-0.017,0.052] [-0.002,0.039]

Forbearance: Paid off borrowers -0.001 -0.012

(Month 2) (0.018) (0.017)

Implied expenditure out of -0.002 -0.02

forbearance cash-on-hand [-0.034,0.053] [-0.058,0.024]

Forbearance: Semi-structural 0.119** 0.099%** 0.103*** 0.059%**

[0.061,0.179] [0.071,0.13] [0.074,0.146] [0.042,0.086]
N 130,144 130,144 313,312 313,312
Source: Transactions panel. * p=0.05, ** p=0.01, *** p=0.001. Each entry reports a four-week MPX out of either the first round of stimulus

checks or student loan forbearance, with robust standard errors clustered at the borrower level in parentheses below. Columns indicate the
estimation sample, and rows indicate both the liquidity source (stimulus checks or forbearance) and estimation strategy. The outcome is either
total (Panel A) or broad non-durable (Panel B) spending. Semi-structural standard errors and hypothesis tests are computed via bootstrap;
I report the standard deviation of the estimate from 150 bootstraps, and calculate p-values by inverting the largest 1 — a/2-level confidence
interval that does not contain zero.

also retains a “shadow of savings,” evidenced by low implied expenditure out of forbearance
cash-on-hand that does not “stick” to student loan repayments.

Appendix D.4 replicates these results in the survey. For example, 37% of borrowers prepaid
between the start of forbearance and the survey date.?

The survey asks questions to identify features of a model to describe this behavior. I present
three findings. First, low program knowledge does not explain most prepayment during for-
bearance. Second, limited financial sophistication alone cannot explain forbearance prepay-
ment or the inconsistent use of forbearance and stimulus check liquidity. Third, no single
dominant factor explains cost minimization failures and the flypaper effect. However, borrow-
ers appear to have: (i) a student loan payment target that may depart from the cost-minimizing

allocation; and (ii) real or perceived costs to adjusting payments relative to the target.

Policy knowledge. Most student borrowers are familiar with program terms. In Table 4a,
about 80% of respondents report familiarity with the program, and only about 10-15% answer
questions about key program terms incorrectly. Borrowers making payments during forbear-

ance do know less, but even in this group, over 80% correctly answered questions about key

25To make the survey and transactions sample comparable, I exclude borrowers who were in school, grace,
deferment, or forbearance in February 2020 who would not have made payments before forbearance.
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program terms. Only 18.4% of prepayers said they continued payments because they did not
know about the payment pause or thought they were ineligible (Table 4b), and only 7-10% of
respondents cite program unawareness when explaining debt repayment mistakes or inconsis-

tent use of forbearance and stimulus check liquidity (Tables 4c and 4d).

Financial sophistication. Borrowers may continue student loan payments if they did not
understand incentives created by a 0% interest rate. In piloting, borrowers frequently wrote
in free-response sections that repayment was a good financial move given the 0% interest rate
on student debt. Does this financial mistake explain prepayment in forbearance?

Many borrowers making payments in forbearance do not prioritize debt payments to min-
imize interest costs. In a credit card repayment hypothetical, Table 4a indicates that 51%
of prepayers partly repay the low-interest card. When directly asked, 41% of prepayers said
repaying early was financially smart due to the 0% interest rate (Table 4b).

However, misunderstanding cost-minimizing responses to interest rates cannot jointly ex-
plain forbearance prepayment and inconsistent use of forbearance and stimulus liquidity. Table
4a shows that non-prepayers had the same error rate on the financial sophistication screen.
Furthermore, 0% rates do not seem to induce prepayment out of other windfalls. Appendix
Table G.8 reports that 78% of borrowers who justify prepaying because of the 0% interest do

not use their stimulus checks to repay their federal loan.

Flypaper effect Survey answers indicate that borrowers have debt repayment targets that
deviate from cost-minimizing payment levels, and perceive deviating from targets as costly.
Debt repayment targets. Debt repayment targets could arise from multiple sources. First,
many borrowers cite debt repayment heuristics when explaining their debt repayment mis-
takes. In Table 4b, 54% of prepayers explain they “always try to repay debt as quickly as
possible.” In Table 4c, a plurality of prepayers with interest-bearing debt continued payments
“to make progress on all debts to keep things balanced” or because progress on repaying stu-
dent debt is an “important financial goal.” In Table 4d, a 35% plurality of prepayers did not
use stimulus checks to pay off student debt to spread their windfall across different uses.
Second, debt repayment targets may keep student loan payments aligned with a pre-specified
ad-hoc budget (as in Antonides, De Groot, and Van Raaij (2011) and Hastings and Shapiro
(2013)). Across the repayment mistakes and inconsistencies in Table 4, between 20-30% of
respondents explain their behavior by saying they did not want to deviate from their budget.
Third, borrowers might not select cost-minimizing repayment targets because they myopi-
cally ignore interdependencies across debt repayment choices. In Table 4c, 11-13% of pre-
payers with costly debt say they think about repaying debts independently. In Table 4d, 15%

think about debt repayment separately from other financial choices, and 18% do not see the
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connection between use of stimulus checks and forbearance liquidity at all.

Fourth, borrowers might set targets based on expected optimal behavior if they perceive
costs to cost-minimizing each period, discussed next.

Perceived deviation costs. Several costs of deviating from targets appear to constrain be-
havior. Given that limited financial sophistication appears widespread, borrowers may bear
substantial information processing or time costs to cost minimize. Moreover, for consumers
using ad-hoc financial budgeting rules, it likely takes time and effort to redo budgets if pay-
ments change. In Table 4b, 14.4% of prepayers say they kept paying because “it was too much
hassle to stop payments, keep track of when repayments resume, and restart them.”

Appendix D.5 considers costs due to “soft commitments” by sophisticated time-inconsistent

borrowers or limited attention, but finds these alternatives appear less relevant.

Framing experiment Borrowers who fail to cost-minimize and use forbearance liquidity and
stimulus checks inconsistently could fall into two groups. First, borrowers lacking financial
sophistication might use ad-hoc budgets or heuristics to guide payments. Second, borrowers
might know how to minimize costs, but find doing so costly and so set forward-looking targets.
The framing experiment helps separate these groups. Framing confers no economic informa-
tion and so should not impact the second group’s target. However, framing a cash transfer
as helping student borrowers may impact the first group’s targets by changing how a transfer
is perceived, by, for example, expanding their student loan payment budget or increasing the
amount they feel they should pay to keep up with their obligations.

Experimental results in Appendix Table G.9 support these predictions. Column 3 shows
that among those who make a mistake in the debt prioritization hypothetical, framing a $300
windfall as directed to households with student debt increases student debt repayment by 5pp
of the windfall on a base of 11%, or 45%. Framing effects are statistically zero and 5.5pp lower

among more financially sophisticated borrowers (SE of difference = 2.99%, p-value 0.066).

5 Modeling debt repayment mistakes

This section rationalizes transactions data and survey results with a consumption-saving model
where consumers have goals over total savings and debt repayment flows. The model aims to
flexibly capture the many heuristics and intuitions expressed in the survey, while remaining

parsimonious enough to yield a sufficient statistics representation for policy evaluation.

Setup and solution The setup and notation is as in Section 2. Flow utility now includes
additively-separable costs for adjusting control variables relative to a goal g;. I denote these

“target deviation costs” with y;(p;, g;.) and v,(x, g,.) for account j and total saving, which

29



30

*0s Op 01 S snnwmns IRl 3uisn 1ou 1dsap
9oURIR9QIOJ Ul sTuswAed UeO[ JUSpNIS [eI1opa) Sunfeur 1doy Ao Aym Jururejdxs usym uonedynsnf yoes 3unds[es UONIRI oY 110dal SSLIUY “SURO[ JUSPNIS [BI9Pa] 1oyl Aedal 03 $YDSYD snnwns
II31]) 3sn 10U 0P $19M0110q (1a) pue ‘(A) ‘(1) ‘(1) saxmbai a[qe1 3y, :py [dued (g UWN[OD UT) 1ap Juapnis Aedal 01 SY29Yd snnwmns Juisn jJou 31dsap 10 (T UWN[0d Ur) 1qap ulreaq-1sa1a1ur Juiaey
911dsap 1qop JUSpNIS [RISPSJ 91 UO s1uswAed SyeW 01 paNuUnUo0d A5y3 Aym payse usym uonesynsn( yoes 3unds[as syuspuodsal JO UOHIRIY S IST] SSLIIUY ISP IUSPNIS [eISPaJ-UuoU Aedal 01 SYI9YD
snnums I9y1 SuIsn 9soyl SIPLISAI UUINJOD PUOIIS Y] IIYM IGaP JUSPNIS [BISPJ-UOU 121 Jo Aue Aedal 01 SY29Yd sNINWNS I12Y3 Sulsn 10U 3SOYI 01 SIDLNISAI UWN[0D IsIY YL ‘00T ATeniqaq jo
Se 9JUBIBSQIO0J JO JUSULIDJOP ‘poriad adeI3 B TOOYDS UI [[1IS J0U 21aM (A) pue ‘1gap Juapnis [erspaj-uou Juidedas sznuiond jou pip (AD) {0Z0Z YDIBIA I9)je 1ap JUSpnis [eI9pa) uo syuswiied spew
(1) £0Z0T Y2IB\ UT 1qap [RI9Paj-UoU SULIeaq-1sa1a1ul (I1) {0Z0T YSIBIN UI 3Gop [eIapaj (1) (IIM SI9MOILIOQ UO SUONIPUOD J[qel 3], 2 [ued ,0Z0T Y2IB]N I91Je SUBO[ JUSPNIS [RI9PIJ INOA UO
sjuswAed oyeW 01 SNUNUOD NOA PIP AYM,, 01 SIOMSUR SIAIS qf [dUR] ‘[ednaylodAy juswiAeds 1gap o) Ul p1ed Ydy Mol a3 spremol Surqidue ind £33 J1 oxeisit umopAed D) e oyew syuedonied
*(ou) saA 1amsue am suonsanb o1 (sah) ou A[@atuyap,, 10 (s94) ou A[qeqoid,, Temsue A1) J1 A[3da1100Ul suonsanb a3paymowy] weidoid romsue syuedonied TeIIUIe] A[QWLIX 10 AI1oA K[a1eIopout
a1e Aot Aes A1) JT wrea3oid Yim Ielfiure] se papod are syuedpnied “sueaw a[dures [[nj pajood s9AIS UWIN[0d JeIOL,, SUI PUE ‘SUBSUI JUS[BAINDS JO 1591-1 € Jo anfea-d a1 s11odar anfea-d,, ‘9ouaiajyip
911 SAAIS 20URIRHI(,, ‘SUISaq SoueIRaqIO) 193k sjuswiAed Sunjewr dois 10U Op pUB OYM SISMOIIO] IOJ SUBSUW SIAIS SUWIN[OD SIK,, PUB ON,, UL :Bf [dUBJ £AINS JI9MOIIOQ JUSPNIS :3DINOS

‘uoneznurond 1gsp [ewmndo-uou 10j suonedynsns (9)
"SINWIIS JO 9SN JUAISISUODUL 10J suonedynsns (p)

9z1 Junon 8¢ L8 unod
Y1L0" Adde asou J0 SUON Sor 690° *asned yuswided a1 10§ S]qI3I[o Sem  YUIY) L,UPIP / INOGE MO IUPIP |
-asned juowAed SOT 5080° Ajdde 5o Jo auoN
A a1 10J S[qISI[3 SeM [ YUY LUPIP / INOGE MO LUPIP | cel SII Aorexedss sywd 1gap Inoqe Yurmy I 9/q Isnfpe 01 sur 03 Suuo.w MWM
ST *our 01 1220 1,upIp / A21eredss siwud S Inoqe VE._% % Zhe - SN[pE 2y 0} JuBM JUPIP pue stuswAed 1qIp JUIPMIS 10§ 18PN I
‘ajer
ST 0] INd20 1UpIp / sSUIY) I9YIO 10 JOIYD ‘WIS PIPIIN . .
€8T "Pa199UU0D WAIS 1,U0P SUOISIAP 3SAYT, gz 66¢ S2ANUL 90 ) 0F AP WEWS A[EUEUY SEM GO Eovwwwowﬂwmmwm
. 01 TUEM 1.UDID | S3UIU 19U10 101 ¥95Uo uwnmwwn_ Mw”.mum 0% - Juelroduwt ue 1qap Juapnis Jjo Surhed 5/q siuswided ayewr mxm.\s:w I
LIE H PP / i 1o 0] ot 1S PopeeN S09° €8 ‘pasuereq s3uryl dooy 01 s1qap [[e Uo ssa1301d awos ayew 01 A1) |
‘sjudwiAed UBO[ JUSPNIS dUIOS
6v¢ apew Apeaife / s3UI) ISIO J0J YOIYD “WNS PIPasN Mooy Wns ooyD Wns
PIm Aeg M Aed 1uoQq
e 1qap | UondE YOI SNNWNS
‘9JouelIea(I0] Ul justl
*90URIBDQIO0J UI syuowAed UeO[ I0J SUOLIBOYIISTI[ ﬁnc -Aed ueo| %n— EOUNUS&Q&Om [edueury pue wwﬂvg\roﬁu& ENMMOH& va
Y/T Junon oLy - : vL1 96T | 3unon
L1S0° A1dde asa) jo suoN §'sc €T 60~ '8¢ ¥¢ PIEd 1S3191UT-MO[ 01 P10ASP 9 ‘UonednsIydos
7980°  semijod 1qap Juapnis Surdueyd o1 uonusne Suiked YlI0m 1,USEM 1] S €0L’ €810~ TIS €6V ayeastur umopAed D) uonednsiydos
‘pownsal sjuSwW - - - - - -

. STt €0€000 11~ 81 £¥20 a1mbai dryspiey pajensuouId(q :31991100U]
STT -Aed wayMm I0J apIse Asuowr y3nous Ind 01 JjosAw Isnal 10U PIp | ZoT" 75L0° 9290~ 107 65T P Buwtwﬁwuwumw%uwb 9ATIESDN 11991100U]
edat syuowAed 1re1sar / dois 01 assey sus.mm“ %MMH Mmmm\wﬁm pios 609508 oL~ - I5€0" poxmbez syuad WOOT[EY 90LI0I]

. y €80° €950000° 0T~ 6V 6EV0° %0 93eI 1S2I21U] :3091100U]
€1T aew 0] Juem LUpIp pue sjuswked ueo[ Juapnis I0j pa1edpnq | 6460 ow.wvo.m NNH.. /T £0SO mou vawcw 1 asned T§ pa1100U]
PTb ‘050 SeM 1S2I91Ul D/q 11ews A[fenueuy sem Afres Suikedoy er 9EL00" 6580  bSI° 960" 020z dy 10950 o asned 1S 1991109U]
S -91qissod se AppoInb se 1qap Aeda1 01 An skemre | : : )
¥8T *asned juswiAed o) 103 SQISI[2 SeM [ MU / INOGE MO LUPIP | 208" €5+000° ceT” 81/ 158 _ weidoxd yIm Jerfrureq
ues]\l g0l  onead Ba SR oN _

sasuodsar AoAIng 4, 9[qeL



increase in | P — & | and |x — g,..|, respectively. Goals may vary over time due to, for example, a

time-varying upper-level optimization. Define I'(x, {p;};, g+, {g;};) = (r+(x, &), {v;(p;, gj)}j)’.
Each period, the consumer solves, subject to constraints and state transitions as in (1):

max U =)+ 8BV [Xon (B, =1 (6. 0o}y g fgih) s ) ©)
standard ::,(x () ) sum of target deviation costs
=Vt Y S P

where 1 is a vector of ones. The continuation value function V,,(-) is the perceived value of
entering period t + 1 with liquid balances X, ; and debt {B it +1}j-26

Inter-temporally, total saving target deviation costs makes consumption more sensitive to
income by tying x, to g,. Intra-temporally, debt repayment target deviation costs push p;
towards g; and away from cost-minimizing by repaying high-interest debt first. Moreover,
transferring resources away from a debt repayment goal and towards consumption is especially
costly, since it requires bearing both debt repayment and total saving target deviation costs.

I parameterize y so that target deviation costs do not scale with the size of the deviation:

Yi(P;, &)= b U{p; #gje},  Tx(X, 80 ) = by - T{x # gt} (10)

where ({b;}, b,) could vary across individuals. Two data features motivate this parameteriza-
tion. First, target deviation costs in the survey, such as hassle costs to adjustment, are mostly
fixed. Second, Appendix Figure E1 shows a large drop in the fraction of borrowers making any
payments in forbearance, suggesting that if borrowers stop payments, they stop them entirely.

To solve problem (9), consumers consider choosing each set of control variables (x,, {p;};)
to fix to goals g, g;, with the remainder chosen according to FOCs that maximize v,(x, {p;};; ).
Consumers select the set to fix to goals to maximize the sum of v,(x, {p;};;-) less the sum of
realized target deviation costs. Appendix A.2 describes this procedure formally.

The solution reduces dimensionality and may significantly simplify a consumer’s problem.
Part (1) of Claim 3 in Appendix A.2 shows that consumers solving this problem use an intuitive
cutoff rule, fixing p; = g; if b;; is sufficiently high, and choosing it using the FOC otherwise.
Furthermore, consumers often only have a few options to compare — only four in a context
with a checking account and student debt.

Problem (9) shares similarities with the category budgeting model in Hastings and Shapiro
(2013), where consumers incur a quadratic flow utility cost for gasoline expenditures that
deviate from mean transaction amounts. I extend this model to include goals over multiple

controls in a dynamic context. Additionally, parameterizing y as a fixed cost better matches

26Deﬁning the continuation value recursively, as in (1), would (i) preclude forces such as time inconsistency;
and (ii) require a stance on how g;, is expected to evolve. See the discussion following Claim 3 in Appendix A.2.
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my debt repayment context, as a model with quadratic adjustment costs would counterfactually

predict small nonzero student loan payments for borrowers during forbearance.

Predictions Claim 3 describes the debt repayment strategy and Claim 4 compares consump-
tion responses to forbearance versus stimulus checks for a consumer solving problem (9) with
target deviation costs as in (10). I state and interpret the claims formally in Appendix A.2.
The claims make several predictions that align with findings from the transaction data.
First, some consumers with g, > 0 will continue making payments in forbearance, even if they
have other interest-bearing debt, to avoid bearing target deviation costs. Borrowers adjusting
payments may stop them entirely (subject to some conditions on V described in Claim 3).%”
Second, if a consumer continues to pay their student loans during forbearance, they are
unlikely to increase their student loan payments when they get a stimulus check. Continued
payments during forbearance indicates the consumer finds deviating from their target costly.
Such a consumer is also less likely to deviate from target by overpaying relative to their goal.
Third, borrowers will save more out of liquidity from forbearance than stimulus checks.
Some borrowers who stop paying student debt after forbearance will continue meeting total
saving goals, leaving consumption unchanged. This matches the Section 4.2.2 finding that the
implied expendure out of forbearance cash-on-hand is lower than the stimulus check MPX.
Finally, some consumers will have a high MPX out of windfalls, even absent liquidity con-
straints. Consumers who stick to total saving targets will have an MPC of one. This explains
the high MPX out of stimulus checks for borrowers who overpay student loans in forbearance
(indicating no liquidity constraints). This also provides a new explanation for high MPCs out
of windfalls for unconstrained households (Kueng (2018), Kaplan and Violante (2022)).

Sufficient statistics The response to student loan forbearance highlights two empirical ob-
jects that quantify the relevance of target deviation costs. Condisider the setup in Claim 4,
where a consumer has only student debt and a checking account, with target deviation costs
b; €{0,b,} x{0,b,} where b, >0 = p,=g,and b, >0 — x =g,.

The post-forbearance change in student loan payments relative to pre-forbearance levels
quantifies the prevalence of high student loan payment target deviation costs. Student loan
payments drop by p,,, the optimal payment absent forbearance, if b;, = 0. Payments are
unchanged if b;;, > 0. The MPX on student loans out of forbearance liquidity, M PX{ p, =
Apist/Pis,i—1 > 0, summarizes this information.

Moreover, the gap between the consumption response to stimulus checks and forbearance,

27The conditions hold when V is defined recursively through a Bellman equation, but fail when consumers
have unconventional beliefs about incentives created by interest rate differentials. For example, pop finance guru
Dave Ramsey’s recommendation that borrowers use the “snowball method” of prioritizing small balances first,
regardless of the interest rate, implies V that breaks the condition.
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conditional on endogenous changes in student loan payments Ap,, quantifies the prevalence
3

x
order) the stimulus check MPC, and Ap;, is the endogenous first-period change in payments.

of total saving target deviation costs. If b;, =0, then Ac ~ 5 Ap,, where aa_;{ equals (to a first
If b;, > 0, then Ac =0. To summarize this gap, define an indicator y; that equals one when a
consumer chooses x, according to the FOC, not their saving goal. The average total spending

MPX out of student loan forbearance, to a first order:

E Ad ~7-E|(1-MPx] ) i +E[ 1, _oe;. ] 11
pst . ips AX | bis =0¢it
empirical average forbearance MPX semi-structural‘l\,/[PX, mﬁ semi

where ¥ = (E[y;]+ Cov(y;,&;)/E[&E;]) for &, = (1 —MPXl.fps)-(%ﬁ). The left-hand side equals

the total consumption MPX out of forbearance liquidity. Claim 4 shows that —¢;, < ‘%Rst‘ (as
in Claim 2). In Section 4.2.2, the semi-structural MPX exceeds natural experiment estimates
by too much for E |:]1 bl_szogit] to explain. Therefore, <1 = Pr(y; =0) > 0. This implies

the presence of total saving target deviation costs.

6 Implications for counter-cyclical fiscal policy

In incomplete-markets lifecycle models, consumers exhibit a high MPX out of direct stimulus
payments when they face near-binding liquidity constraints. Such models predict that for-
bearance, which targets liquidity, should produce a similar aggregate demand response as
forbearance at a potentially lower fiscal cost. This makes forbearance seem inexpensive for
policymakers choosing fiscal tools to raise aggregate consumption in downturns.

However, my results show that student borrowers spend and save differently out of liquidity
from forbearance and stimulus checks. I present a partial-equilibrium framework to calibrate
how this behavior impacts stimulus check size relative to forbearance in an economic rescue
package and forbearance’s fiscal cost advantage relative to stimulus checks. Both depend on

sufficient statistics described above and estimated in the transactions data.

Setup The economy has a unit mass of heterogeneous consumers with one-month MPCs out
of unanticipated cash-on-hand of L; € [0,1]. This behavior approximates various microfoun-
dations. Borrowers with L; ~ 1 could represent consumers with near-binding liquidity con-
straints, as in Zeldes (1989), low discount factors as in Campbell and Mankiw (1991), or
illiquid savings and adjustment costs as in Kaplan and Violante (2014). Borrowers with L; ~ 0

could represent infinitely-lived, forward-looking Ricardian consumers who face no liquidity
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constraints and anticipate no present-value wealth transfer from stimulus checks.

Consumers make constant monthly student debt payments p;. The gross risk-free rate is R,
and the interest rate on student debt is R+ AR. Borrowers have T, months before their student
debt is repaid. I assume that AR reflects administration costs, so loans have no markups.

Consumers face an uninsurable negative income shock. The government wants to raise

aggregate consumption by a fixed amount using forbearance and stimulus checks.

Forbearance and stimulus checks The government implements forbearance b pausing re-
quired student loan payments and setting AR = 0 for six months, with no balloon or catch-up
payments. Borrower i receives p; in liquidity. Forbearance causes student loan payments to
decrease by (1 —n;) - p;, where 7, is the MPX on student loans out of forbearance liquidity.
Consumption increases by y;-(1—mn;)-p; - L;, where y; < 1 is the wedge between the MPC out
of forbearance cash-on-hand and cash windfalls.

The fiscal cost of forbearance is the present value cost of advancing six consecutive one-
month zero-spread loans of balance (1 — ;) - p; for a term of T,. The total cost is therefore
Gy = R(T,)AR.E[(1—n)p,], where R(T,) = (o)1),

To implement a sitmuls check policy, the government sends borrower i a stimulus check
with value W;. Borrowers spend W, L;. The present-value fiscal cost is G,,.

Define p; = %1;{] and w; = G%, the fraction of each transfer allocated to borrower i. Ap-
pendix E.1 derives expressions for C; and C,,, the aggregate consumption impacts of forbear-

ance and stimulus checks, respectively.

Forbearance fiscal cost efficiency Forbearance has a fiscal cost advantage over stimulus
checks if it generates a greater one-month consumption response for a fixed present-value
fiscal cost. I define the forbearance fiscal cost efficiency E; = (AC; — AC,)/G; as the incre-
mental increase in one-month aggregate consumption generated by using government funds

for forbearance rather than stimulus checks. Appendix E.1 shows that:

E; :( 1 ) (E[PiLi]) (1+ COV(xi(l—m),piLi))(E[xi(l—m)])_l (12)
E[w;L;] R(TS)ARJ\E[WL'LL']J\ E[Xi(l_ni)]E[piLi]J E[pi(l—m)]J
avera‘g’e cost resource‘?argeting behaviora\I( targeting ﬂypap:; effect

When this expression is positive, the consumption impact of the transfer is greater when de-
livered through forbearance rather than stimulus payments.

Three forces impact E;. First, forbearance might have a lower fiscal cost because the cost to
get a constrained borrower to increase spending by L; today equals the present value of forgone
interest on a dollar in loan payments, which may be less than a dollar. This “average cost effect”

depends on R(T,) AR, the present value of forgone interest on each dollar in missed payments.
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Second, forbearance could better target relief to a constrained population. This depends on
whether borrowers with high payments have higher L; than people receiving large stimulus
checks, reflected in the “resource targeting” term, and whether forbearance has advantageous
“take-up,” with liquidity delivered to more constrained borrowers (p;L;) more likely to be
consumed, not used to prepay loans in forbearance or increase cash-on-hand (y;(1—mn;)). The
covariance between p;L; and y;(1 —7;) in the “behavioral targeting” term reflects this force.
Behavioral targeting could save the government money if borrowers with low MPCs continue
paying their debts (implying no government expenditure).

Third, borrowers might, on average, use forbearance liquidity to prepay their student loans
rather than consume, the “flypaper effect.” This effect is lower if payment size p; is negatively
correlated with n);, meaning people with high payments keep making them during forbearance.

Lifecycle models such as problem (1) would have n; ~ 0 and y; ~ 1. Empirically, I find
that E[n;] > 0 and y; # 1, possibly reflecting student debt repayment and total saving target

deviation costs. What does this imply about economic rescue package design?

Quantifying E; Iassume that y;(1—n;) L L;, p;. The first column in Table 2, Panel A supports

the assumption that p; L ;. With this assumption, equation (12) becomes:

_ 1 (ELLI+Cov(p, L)Y (v \ .| -
Ef_[(R(TS)AR) (E[Li]+Cov(wi,Li)2 (1_7,) 1] E[w;L,] (13)

= stimulus check aggregate MPX

average cost effect =K, resource targeting flypaper effect

_ _ MPx! _ E[(-—n)L]
where n = E[n;]and y = MPXY — XE[L:S

consumption MPX is observable, and through the lens of the Section 5 model, depends on the

. This ratio of the forbearance and stimulus check

level of and correlation between total saving and student loan payment target deviation costs.

Equation (13) allows for resource targeting but rules out behavioral targeting and “ad-
vantageous take-up.” Appendix E.5 shows that allowing for “advantageous take-up” does not
impact results, indicating it is not quantitatively important in this context.

I next calibrate the terms in equation (13). The top of Table 5, Panel A presents parameter
values. I choose low interest rates, spreads, and months remaining on loans to conservatively
boost forbearance’s efficiency relative to stimulus checks. I calibrate the transfer size using
amounts in the transactions data. I take the stimulus check aggregate MPX as E[w;L;] =
0.174, because under minimal assumptions it equals the full sample stimulus check total MPX.®

Finally, I use estimates from Section 4 to calibrate sufficient statistics 7 = 0.44 and y = 0.25.%

28The stimulus check design estimates the average MPX for those who receive stimulus (ATE on the treated).
Assuming no correlation between check size conditional on receipt and MPC, the micro and aggregate MPX align.

2From Section 4.2.2, the stimulus check consumption MPX is around 17.4%. The upper-bound forbearance
consumption MPX from natural experiments is around 4.3%.
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Appendix E.2 describes the sensitivity of terms in (13) to parameter choice.

The “average cost” term depends on the student loan interest rate spread AR, the market
rate R, and forbearance length T, which determines how long the government must wait before
it is repaid for lost interest. The calibrated average cost term is 2.6 > 1, so forbearance has a
large cost advantage under equal resource targeting (x = 1) and no flypaper effect (ﬁ =1).

The “resource targeting” term moderates the forbearance fiscal cost advantage, depending
on whether forbearance better targets resources towards high MPC borrowers. Appendix E.4
uses variation from the stimulus check natural experiment to estimate & = 0.92 < 1.3° For-
bearance therefore did not target high MPX borrowers as well as stimulus checks did, perhaps
reflecting that high human capital households with high student loan payments could better
self-insure against shocks relative to lower-income households targeted with stimulus checks.

The first column in Table 5, Panel B shows that absent a flypaper effect, E; is 0.25, meaning
per dollar of spending, forbearance delivers 25 cents more in aggregate consumption. But given
estimates of y and 7, the flypaper effect almost neutralizes the forbearance cost advantage, as
E; falls to 0.01. Note the flypaper effect has a much greater effect on the relative fiscal cost of
the two transfers than, for example, resource targeting. I turn to two calibration exercises to

illustrate implications for policy design. Appendix E.1 provides more details on calculations.

Calibration exercises. How does the flypaper effect impact the design of a package similar
to the CARES Act? I first quanify how the mix of student loan forbearance and stimulus checks
would change. Assume that policymakers aim to increase one-month aggregate consumption
among student borrowers, and planned that y = 1 and ) = 0. Table 5, Panel B shows that given
transfer sizes, policymakers expected 1-month consumption to increase by $291. However,
accounting for the flypaper effect, increased consumption from forbearance is 75% lower. To
keep the total consumption increase from the rescue package fixed, the government would
have to increase stimulus checks by about 18%, increasing the total package cost by 12.3%.
The second exercise shows how the flypaper effect limits forbearance’s generosity by re-
quiring earlier catch-up payments for forbearance to retain its fiscal cost advantage. Earlier
catch-up payments are equivalent to lowering T,. Define the “break-even forbearance length”
as the maximum term T2E where E s = 0 — the longest the government can allow borrowers
to defer catch-up payments before forbearance loses its fiscal cost advantage. Table 5, Panel B
shows that the flypaper effect significantly reduces T?E, shrinking the set of forbearance poli-

cies that have a cost advantage over direct transfers. With y = 1,1 = 0, T2% = 109 months,

301 cannot estimate p;L; for borrowers who receive forbearance but not stimulus checks. I overcome this by
parameterizing L; as a function of observables and extrapolating. For robustness, I also estimate non-parametric
bounds, which under minimal assumptions implies ¥ € [0.45,1.63]. Appendix Table G.12 shows alternative
admissible k do not qualitatively change results. See Appendix E.4 for details.
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Table 5: Fiscal policy implications: Calibrated values and calibration results

Panel A. Calibrated parameters Panel B. Calibration results

No fl Fl
Description Variable Value Description ((LLnYP:aISr ( ﬁyzﬂ(;.e;S) %A
Net riskfree rate (%) R—1 2.2% Forbear. fiscal cost effcy. E ¢ 0.25 0.014 -94.4%
Student loan spread (%) AR 1.9%
Months remaining (months) T 42 Calibration 1.
Avg. stimulus check ($) E[W;] 1,350 1-month consumption increase ($) 290.9 290.9
Avg. student loan pmt ($) Elp;] 350 From forbearance ($) 56.0 14.0 -75.0%
Stimulus check MPC E[w;L;] 0.174 From stimulus checks ($) 234.9 276.9 17.9%
Forbear. student loan MPX n 0.44 Stimulus check size ($) 1350.0 1591.5 17.9%
Forbear. vs. stim. check MPC Y 0.25 Rescue package cost ($) 1483.1 1666.0 12.3%
Avg. cost effect (R(T)AR)™!  2.63
Resource targeting effect K 0.92 Calibration 2.
Flypaper effect ﬁ 0.45 Break-even term (months) 109.3 45.5 -58.3%

which falls 58% to 46 months with the estimated flypaper effect.

7 Conclusion

This paper uses the US government’s large-scale student debt relief and cash transfers imple-
mented in the CARES Act to study how households adjust debt repayment and consumption in
response to liquidity from debt relief. Borrowers use a large fraction of liquidity received from
relief to prepay 0% interest federal student debt, even if they have high-interest credit card or
private student debt. The same borrowers behave inconsistently when faced with other wind-
falls, with almost none of the funds from stimulus checks used to repay federal student debt.
These results suggest that borrowers view transfers as non-fungible, and in particular points
to a flypaper effect where liquidity from forbearance “sticks” to federal student loan payments.
Such a flypaper effect that rejects fungibility of liquidity from forbearance and cash transfers
predicts that borrowers would have a higher short-term consumption response to a dollar in
cash transfers relative to a dollar in liquidity from forbearance. Using a range of identification
strategies, I find evidence supporting that prediction.

In a survey to identify drivers of this behavior, I find that (i) borrowers adhere to debt
repayment targets due primarily to budgeting and heuristics; and (ii) limited financial sophis-
tication causes adherence to targets above incentives generated by interest rates. I rationalize
these results with an adjustment costs modification to an incomplete-markets lifecycle model.

Finally, my findings matter for designing economic rescue programs that aim to increase
aggregate consumption. My estimates imply that policymakers must rely more on stimulus
checks to reach aggregate consumption targets at a higher total fiscal cost; and have less room

to defer catch-up payments before forbearance becomes costlier than stimulus checks.
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This paper gives evidence against models where consumers treat financial resources as
fungible when making debt repayment decisions, and suggest perceived non-fungibility as a
potential driver of debt repayment mistakes. My results show that developing microfounded
theories of is crucial to evaluate the relative effects of different countercyclical fiscal policy

tools and ongoing debates about the aggregate effects of additional student debt relief.
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A Proofs and derivations

A.1 Saving-consumption model in Section 2

Conditions guaranteeing existence, uniqueness, and continuity of policy functions If T =
00, then if problem (1) satisfies the conditions in Stokey and Lucas (1989) Theorem 9.8, the
policy functions x,(-), c,(-), and p;.(-) exist, are unique, and are continuous. These conditions
are met if: (i) (x,,{p;};) take values on a convex Borel set; (ii) y, is a Markov process that
takes values in a compact Borel set and its transition function Q has the Feller property; (iii) the
budget set is non-empty, compact, and convex; (iv) U(-) is bounded, continuous, and concave;
and (v) 6 € (0,1). If U(-) is continuously differentiable, Theorem 9.10 ensures that V(-) is as
well. Section 9.7 in Stokey and Lucas (1989) discusses additional conditions to ensure policy
functions are also differentiable to arbitrary order.

If T = N, then the Bellman equations can be recursively substituted to obtain the original
sequence problem. The sequence problem implies unique and continuous policy function so-
lutions x.(-),c.(+), and p;.(-) if y, is a Markov process with transition function Q that has the
Feller property, U(-) is continuous and strictly concave, 6 € (0,1), and the budget set is non-
empty, compact, convex, and continuous (Stokey and Lucas 1989, Theorem 3.6 and Lemma
3.7, where Q having the Feller property ensures the expectation over y, is bounded and con-
tinuous with respect to the controls.

In what follows, I assume conditions necessary so that V(-) and policy functions are con-
tinuous and differentiable. The value function V,(-) has a time index because the agent might
have a finite horizon (T = N).

Proof of Claim 1. Start by writing out the definition of the Bellman equation with more detail

on constraints:

Vi (Xt: {Bjt}j; 9) = max {U(Xt —Xx)+0EV, (RO |:X _ij:| t Yes1s {Rj,t+l(Bjt _pj)} 5 9)}

x’{pj}j
(A.1)
s.t. Xt—x+ij20 [a,] (A.2)
j
X +Le=X,—x+>.p; [B] (A.3)
j
pj=Bj— L Vi [A] (A.4)
Bjy=p; Vi [u;] (A.5)
X,—x=>0 [o.] (A.6)



where brackets indicate the (positive) Lagrange multipliers on each constraint. The solution

implies total saving, consumption, and debt repayment policy functions:
X¢ (Xt: {Bjt}j; 9): Ce (XU {Bjt}j; 9) =X, —x, (Xt) {Bjt}j; 9), Pjt (Xt: {Bjt}j; 9) (A.7)

I first derive the optimal paydown strategy for allocating payments across accounts B;. The
FOC for p; is:

JEV, JEV,
0=—6R H SR — b a, =B A, — A.8
0 9%, 1 jt+1 8Bj,t+1 a.—p, it — Mje (A.8)
Therefore, for any two j, k € {1,...,J}:
JEV JEV
—5R,; Bl A, — i, =—06Ry i —— + Ay — A9
j,t+1 aBj,H—l it = Mje kt+1 2By 11 kt — Mkt (A.9)

Iterating equation (A.1) forward one period, differentiating with respect to B; ,,,, and applying

the envelope theorem yields:

9BV

oV,
el 5Rj,t+2F
j,t+2

2B = Wi i1 = Aj e (A.10)
j,t+1

Applying equation (A.8) iterated one period forward implies:

JEV, JEV,
6Rj,t+2—t+2 =—0R, “2 4 A’j,H—l —Mj 41— Bey1+ i
0Bj 142 X2
Therefore, for all j:
av, JOEV,
= —6R, o + a1 =P =DV <0

SO Z;—Vﬂ is constant across j. Substituting into (A.9):
J,t

—6EDV, 44 (Rj,t+1 _Rk,t+1) = (A — Ajt) — (e — nu‘jt) (A.11)

IfR; 11 > Ry 41, then (A, — A;) — (uge — u;.) > 0. Therefore, at least one of the constraints
on p; or p, must bind.

Note that if A;, > 0 then u;, = 0 and vice versa, and similar for j. It is possible for both
Aie > 0 and A;, > 0 — in that case, the agent makes minimum payments on both accounts.
Similarly, it is possible for both w,, > 0 and u;, > 0 - in that case, the agent fully pays off both
accounts.

Suppose the agent pays more than the minimum amount on account k, so that A,, = 0



and y, = 0. Then: (i) it must hold that A;, = 0, so the minimum payment does not bind for
j; and (ii) u;, > 0, so all the balances on account j are repaid. This completes the proof for
j,ke{l,...,J},i.e. part (i) of the only if statement in Claim 1.

All that remains is to show that p; binds at the minimum payment for j € {1,...,J} if

R;; <R,. From the envelope theorem, we know that:

Vi OE 11 Vigs

—— ()4 SR — 2 L g, Oy (A.12)
0X 11 X4 B

Vi OE 1 Vigs
—_ % —§R., e e A.13
3Bj,t+1 J,t+2 aBj’H.z J,t+1 J,t+1 ( )

Iterating equation (A.8) forward one period:

JE ..V, JE,.. |V
- _5R0 atH 2 o jt+2 atﬂ 2 +1 7 ﬁt+1 + A’j,t+1 — MU e+1 (A.14)
t+2 j,t4+2
Combining with equation (A.13):
oVin OE 1V
— =—6R,——= —-p (A.15)
8Bj,t+1 074 . +1 t+1

Substituting equations (A.15) and (A.12) into the original FOC for p; in period t (equation
(A.8):

JE,V,,
SRGE U'(1) = 6R, ax = 5(Rj,t+1_RO)+5Rj,t+lEtﬁt+l
Xita
-0 [ROEt(at-H +0041) +Rj,t+1Et(at+1)] +o, =B+ Ay — 1y (A.16)

Finally, take the FOC with respect to x in period t + 1:

OE,,,V,
0=-U'(:)+ 5R0# —(Qpy + O p1) + By = (A.17)
t+2
) OE,V,
Efi =EU()— 5Roa;(—”2 +E (0 +0,41) (A.18)
t+2

Substituting into equation (A.16):

A

8(Ro—R;11)EU'() = 6Ro—- 2[5 (R, 111 =Ro) =Ry 1]

—0 [(Ro - j,t+1)Et(at+1 +041) +Rj,t+1Et(at+1 - ﬂt+1):| +a,— B+ Ajt — Ui
(A.19)

t+2

Suppose that Ry = R; ;. Then: (i) the left-hand side of equation (A.19) is weakly positive

JE,

because U’ > 0; (ii) the first term on the right-hand side is negative, since e vﬁz > 0 and



6(R;+1—Ro)—R; 41 <0; and (iii) the second term on the right-hand side is weakly negative,
since Ry—R; 11 >0, E,a;y; =20, and E,0,; = 0.

Therefore:
Ro ZRj,t+1 =i at—ﬁt+7kjt—,ujt >0 (AZO)

where the inequality is strict so long as V., is strictly concave in X, ,. Satisfying this expression
requires a, > 0 and / or A;, > 0. If A;, > 0, then payments on j are at the minimum. If a, > 0,
then X,—x+ >, pi = 0, which —since X,—x > 0, and p; = 0 implicitly so long as B;;—L; ,,; = 0
— implies that p; = 0 for all j. In this case, p; must be at the minimum as well. This proves
part (ii) of the only if statement.

I now show the claims about the marginal payments and marginal accounts. To see part
(1) of Claim 1, note that if j and k are both marginal, then A;, = A;, = u;, = u;, = 0, which
implies from equation (A.11) thatR; ,,; =Ry 141.

Part (2) of Claim 1 is an immediate application of the paydown strategy in light of new
liquidity AX. By definition, the only payment that can change when saving increases as a
result of the stimulus check is the unique marginal account.

The proof of part (3) is very similar to the proof of part (ii) of the only if statement above.
Take the FOC of problem (3), with multipliers defined as in equations (A.2) - (A.5):
OE,_,V,(-;0") OE,_1V,(-;0")

6R; + Qe = B + Ay o1 — U e (A.21)

0=—6R
°© 98X, B,

The multipliers are implicitly conditional on 6’. From the envelope theorem:

A 6") / OE Vi (s 6")

——=U'(- ORy————— = A.22
oX, (1) +6R, 0X, ., ta,+0; ( )

th(-;Q/) aEtVH-l(';G/)

———= =95 _— —A A.23
3Bst s, t+1 a 1 + lLLSf st ( )

The coefficient 3, does not appear in equation (A.22) because X, appears on both sides of
constraint (A.3). Furthermore, the FOC for p, in period t (when there is no unexpected change

in the environment) is:

IE V(560" . FE Via(50)

0=—-0R o
° 0Xn s 9B, 11

+a,— B, + Ay — Uy (A.24)

Combining equations (A.24) and (A.23):

av,(56) _

aEtVt+1('; 6") "
JB

OX 11

a,— B, (A.25)

st



Substituting (A.22) and (A.25) into equation (A.21):

8Et—lvtﬂ('; 6")
X 41
—0E,_1(Ro(a, +0,)+R )+ (a,_; — 1)+ (As,t—l - nu’s,t—l) (A.26)

5R0Et—1 U/(') = 52R0 (Rst _Ro) + 5RstEt—1/3t

Finishing the proof requires quantifying E,_, 8,. Taking the FOC with respect to x, in period t:

aEtVHl('; 9/)

0=-U'(:)+ bR, —(a,+0)+p, = (A.27)
aXt+1
/ JE,,V, ('; 9/)
Et—l/jt = Et—lU () - 5R0 : 13 el + Et—l(at + Ut) (A-28)
t+1

Substituting into equation (A.26):
aEt—1Vt+1('; 9/)
90X
+6(Ry; —Ro)E,_1(a, +0,)—0E,_ Ry, + (o, 1 —B1)+ (As,t—l - Aus,t—l)

(A.29)

o (RO _Rst) E., U/(‘) = OR, (5(Rst _Ro) _Rst)

The left-hand side is weakly positive, because U is increasing, and R,, =1 = 6(R,—R,;) = 0.

%1(.;9) > 0andR,, < R, implies that
t

6(R,,—R,y)—R,;) < 0. The second and third terms are both weakly negative, since R,, —R, < 0

On the right-hand side, the first term is negative, since

and both E,_,a,, E,_;0, > 0. Putting everything together:
R <Ry, = (a;_; —P—1)+ (As,t—l - :u‘s,t—l) >0 (A.30)

This can only hold if either a,_; or A, ,_; are positive. If A, ,_; > 0, then p, ,_; binds at its mini-
mum payment, i.e. p,,; =0. Ifa,_; >0, then X, —x,_;(*; 9)"‘217&5 Pj (s 9)+p£t_1(-; 0') =
0, which (since all p;,,j # s are positive and X,_; — x,_; = 0) requires that p,,_; = 0. This

completes the proof. m|

Proof of Claim 2. For part (1), apply a first-order Taylor expansion around (X,,{B;.}; 0) to

the consumption and debt repayment policy functions in (A.7). We have:

act(Xt:{Bjt};e)
Ct(Xt+AXJ{Bjt};9)_Ct(Xt:{Bjt};9)N ax AX (A.31)
t
2p; (X, {B;.};0)
p;i(X, + AX, {B;.};0) — p;o(X,, (B, }; 0) ~ —= ;X 2 Ax (A.32)
t



For part (2), use the timing assumptions to write the consumption and debt repayment policy

functions in (A.7) as:

C{ (RO |:Xt—1 —C1 ij,t—1:| + Ve {Rjt (Bj,t—l _pj,t—l)} > 9) (A.33)
J

p]f't (RO |:Xt—1 —C1— ij,t—1:| + e {Rjt (Bj,t—l _pj,t—l)} 5 9) (A.34)
J

Given timing assumptions, forbearance only impacts: (i) period t —1 student loan repayments
Ps.—1; and (ii) student loan interest rates and minimum balances R ,;, L; ,,; for [ € [0, F]. The
change in period-t interest rates impacts balances in period t.

Applying a first-order Taylor expansion around (X,, {B;,}; 6) gives:

c.(X,, {Bjt}; 0)—c, (Xt +R0ps,t—1(9)sBst — (R, — 1)Bs,t—1 +Rstpj,t—17 {Bjt}j;és; 0/)

dc,(X,,{B;};0 dc,(X,,{B;};0
SO ABEO), o 06X (B i)

(Rstps,t—l(e) - (Rst - 1)Bs,t—1)

X, OB,
. act(X“{Bﬁ};e) act(XtJ{Bjt};e)

* + A.35
121:( IR 11 S 0L,y S’H'l) ( )

pjt(Xt’ {Bjt}; 0) ~Pje (Xt +R0p5,f—1(9)’ By, — (Rst - 1)Bs,t—1 +Rstpj,t—1: {Bjt}j#s; 9/)

9p;(X, {B;};0) dp; (X, {B;};0)
N It éX jt Rop;,1(6) + jt atB jt (Rstpj,t—l — (R, — 1)Bs’t_1)
t st

(A.36)

+i(apjt(xts{3jt};9) apjt(Xn {Bjt};e) s,tH)

AR e+
=1 aRs,t+l > aLs,t-ﬁ-l

Combining equations (A.31) and (A.32) with equations (A.35) and (A.36), and applying R, = 1
and Apst = ps,t—l(e):

Acy(X,{B;}:0)  Ac(X,{B;}0) (c%t(-)R )+
AX Apy, - 9B, ™
(act(') [Rst - 1:|Bs,t—1 . |: g act(') ARS,H‘Z n aCt ALs,t+l i|)

aBst Apst =1 aRs,t'+l Apst 8Ls,t-i—l Apst
<0
act(')
< R, A.37
0B, (A-37)
The inequality in the final line follows because by assumption, a"’BCt <0, 3 gc;l <0, and afcfﬂ <



0, and forbearance means AR; ., AL ,,; < 0. Similarly, for Ap;,:

ApY (X, {B;:};0) AP’ (X,,{B;};0) s
AX Apst ~ aBst st

(apjt(') [Ry, — 1]Bs,t—1 _ [i apjt(') AR, 4 n apjt ALy

J

aBst Apst =1 aRs,t+l Apst aLs,t+l Apst
<0
apjt(')
< R A.38
0B, S8
O

A.2 Model with target deviation costs

A.2.1 Notation details for solution to lifecycle model with fixed target deviation costs

This subsection formally describes the definition of p;.“ and x™ where m = o from Section 5.
Recalling notation, if m; = g, then pj'=gj(orx™ =g, for the J + 1th element), and if m; = o,
then the jth element is chosen according to the FOCs in the following problem:
max v (x™ {pT}:;- (A.39)
{pm#glUlxmmy, £g) ( Pl )
st X —x"+ > pne[0,X,+L)), pe[Bi—L;1.B;], X, —x"=0  (A40)
J
This takes as given the total saving and debt repayment levels chosen to align with debt re-
payment goals as specified by the vector m, and maximizes over the remaining controls. The

consumer then chooses the vector m* that maximizes utility, inclusive of adjustment costs:*!

J

m* = arg max v, (xm, {p}”}‘;.)_ (bx L{x™ £ g} +ij -1 {p;" # gjt}) (A.41)
J

A.2.2 Updating Claims 1 and 2

Preliminaries Before stating Claims 3 and 4, a few preliminaries.

First, define consumption and payment functions as solutions to the full optimization prob-

31The problem does not include constraints, which are implicitly in the definition of x™, p;." from equation

(A.39). Also, note that nothing prevents p;.“ = gjc where m; = o - for instance, if goals are set in a forward-

looking way based on expected future conditions and realizations align with expectations.



lem:

(xrCe, 1B;}: ). {pl (X, 1B, 1)} 5 0)) =

J

arg max U(X, —x)+0EV, (RO (X - ij) + Y1 {Rj,t+1(Bjt _pj)}j ; 9)
J

x{pj};

— (Yx(x,ngHZYj(pj,gﬂ)) (A.42)
J
s.t. Xt—x+ij20 [a,] (A.43)
J

Xt+LX 2Xt_x"'ps [/St] (A.44)
PjZBj;—Ljn [)’jt] (A.45)
Bj;=zp; [w;] (A.46)
X,—x=>0 [o,] (A.47)

Define ¢;"(X,,{B;};; 0) =X, — x["(X,, {B;.};; 0).

Second, adopt the timing assumptions for forbearance as in section 2: specifically, that
forbearance starting in period t is announced at the end of period t — 1, after all payments
besides student loans have been chosen.

Next, define Ac;”™ and Ac{ " the consumption effect of a stimulus check AX and forbear-

ance, analogously to Section 2:

Acy™ = ¢M(X, + AX,By; 0) —c'(X,, B,; 6) (A.48)
AcP™ = c'(X},B.,;0") = c['(X,, By; 0) (A.49)
Aplt =pl (X1, By 0) =Pl (X[}, Bg 15 6) (A.50)

where X/, B, differ from X/, B, due to endogenous changes in period t — 1 student loan pay-
ments, relevant because of the timing assumption from Section 2.
Finally, define the choice of student loan payments in period t — 1 when forbearance is

announced as:

Pf,}nil(Xr—l: {Bj,t—l}j; 0,0") = argn})ax Vi1 (Xr—1(’§ 0), {Pj,t—1('; 9)}j7és>ps;Xt—1: {Bj,t—l}j; 9/)

—1T (xt—l('; 0), {Pj,t—1('§ 9)}j7és:ps;Xt—1> {Bj,t—l}j) (A.51)
s.t. (A.43)—(A.47)



Liquidity from forbearance is therefore:

Ap™=p,1(50)—pl" (56" (A.52)

s,t—1
Claim 3 (Debt repayment with target deviation costs)

1. Each debt account j has a level of target deviation costs Qj where p; is chosen from the FOC
(m;‘f = o) for b; < Qj, and p; is chosen to align with debt repayment goals ( m}‘ = g) for
b; = b, holding fixed by, k # j. A similar result holds for total saving x.

2. Hold fixed total saving x,. Suppose that mj.‘ = o, and m; = o for at least one k # j. Then

p; is a marginal payment as defined in Claim 1 only if Rj, = Ry, { ag‘;f;l = ag—‘;tk“.

3. Suppose that a consumer has checking account balance X, and student loan balances B,.
Suppose that R, > R,, and both total saving and student debt repayment are chosen from

FOCs (m; = m}, = o). Then student loan payments binding at the minimum is equivalent

9EV;41 9EVi11

< = at the optimum.

to " 0B = 0Xen

4. If forbearance starting in t is announced when t —1 ends, then if student loan payments are
chosen according to FOCs in period t — 1, pft_l(-; 0,0’) = 0 when R, > R,, is equivalent to
9B Vi(0) < OE,_1V,(+;0")

2B,  —  0X,

at the optimum.

Interpreting Claim 3 Part (1) of Claim 3 shows that for a given level of target adjustment
costs b and account balances, a consumer has a threshold where they will choose payments on
account j optimally so long as b; is sufficiently low.

Parts (2) and (3) of Claim 3 give conditions on V, ; so that the consumer appropriately
prioritizes saving and debt repayment when chosen according to FOCs. Both conditions hold
when V is defined recursively through the Bellman equation. By leaving EV unconstrained, the

model accommodates a broader set of behaviors that might lead to debt repayment mistakes.

For example, Dave Ramsey’s “snowball” method could be modeled as —a?g; L > —ag‘;fk“ if
B; > By.

The condition on EV,,, in part (2) says that for two payment levels p; and p, chosen accord-
ing to FOCs, the consumer will correctly prioritize the high-interest account if they perceive
that marginally reducing the dollar amount of balances in accounts j and k will increase their
continuation value by the same amount. This may not hold if consumers have unconventional
beliefs about the economic incentives created by different interest rates.

Part (3) of Claim 3 means that when interest rates on student loans go to zero, borrowers
will stop payments if the condition on EV,,; holds. The condition means that a consumer
will stop making student debt payments when they expect that next-period liquid savings will

be “too low” relative to student debt balances compared with their choice if V were defined



recursively as equal to (9).3> The condition will hold if the consumer expects to excessively
pay down student loans in the future. If the consumer expects to repay loans too slowly (due

to, for example, low saving goals or sophisticated present bias), the condition might not hold.

Proof of Claim 3 To prove part (1), fix j and introduce some notation. First, b is the vector
of target adjustment costs. Second, m*(b) gives the value of m that solves problem (A.41).
Third, let:

J

vm=y, (xm, {p'.“}j : ) (A.53)

B™(b) = (bx IT{x™ #F gt + Z b 1{pj' # gkt}) (A.54)
k#j

Notice that V™ does not depend on b conditional on m, and B™(-) does not include target ad-

justment costs for p;. Now fix by, k # j. Suppose that b; = 0, and define m® = m* ({bk}k# , 0).

Since b; = 0, the consumer faces no cost to choosing p; according to the FOC. Therefore, by

definition, m? =o.

Define the cutoff b; as follows:
Qj =inf {bj :max V™(b;,-)—B™(b;,")—b; > max V"(b;,)—B"(b;, -)} (A.55)
m m:m):o

In words, QJ. is the smallest target adjustment cost that causes the consumer to switch from
choosing p; according to the FOC to fixing p; = g;,. Callm = m*(gj, {by}rzj)- Note that Qj
only exists if p}” # g;..

Fix some b;. > Qj. Let m" = m*(b’, {by}1.;), and assume towards a contradiction that
m;. = 0. By definition (and suppressing b arguments):

VIn—Bm < V™ —B™ — b, (A.56)

But also by definition, V* — B™ > ym' —pm — QJ.. Therefore:
V™ —B™ —b, <VR—Bm< V™ —B" —b) = (A.57)
m’ m’ m° m°
0<b/—b,<(v"—B")—(v"—B"") (A.58)
Note that none of the objects on the right-hand side depend on b;. Therefore, the expression

on the right-hand side contradicts the definition of m®, which says that ym' —B™ >ym_pBm
for all m. Therefore, b; < QJ. = m;’.‘(bj,-) = o by definition, and b; > Qj = m}?(bj,-) =g

32Savings are “too low” because the condition would hold with equality if V were defined recursively, and the
solution to the resulting Bellman equation also solves the sequence problem that maximizes lifetime value.
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because the converse is a contradiction. This establishes the single-crossing property described
in part (1) of Claim 3. A similar argument holds for total saving, though the notation is slightly
different.

To prove part (2), take the FOC for p;in problem (A.42):

_5R03g‘§+1 _5 ].’Hlag—gfj“ =B+ Ay — 1y =0 (A.59)
Therefore:

Aje = Mje = OR; 11 5‘];"—\;71 = Akt —Mie —ORy 11 35;:1 (A.60)
If 5t = 55, then:

o R =R = (ac=2,) = () (A61)

This is the same as condition (A.11), which we can interpret as saying that at least one of the
constraints on either p; or p, must bind if R; # Ry.

To prove part (3), rearrange equation (A.59) into:

IEVin

JEV, 3B;

o aXiH (_ 8EV:+1 R; i1 —RO) +(a,—B) = uje— Ay, (A.62)
ox

Assume first that the total non-negativity constraint in a, does not bind, and the liquidity

constraint 3, does not bind. Then:

OEVey _ OBV

(Rs,t+1 <Ry = U <A’st) — - 2B. - ox

(A.63)

S

In words, forbearance (R,; < R,) implies that a consumer will stop making payments (u,, <

A,.) when they expect that next-period liquid savings will be weakly too low relative to the
aEVt+1 aEVH—l

unconstrained maximum (— —Lty,

To complete the argument, assume at > 0 and / or 3, > 0. We have:

OEViy _ 9BV

(Rs,t+1 <RO = Us: <A’st+(at_/3t)) — — OB = ax

(A.64)

S

Now, forbearance requires that u,, < A, + (a, — f8,). This implies that A,, > 0, i.e. borrowers
stop making student loan payments. Suppose otherwise. Then a, =0, i.e. X,—x—Y_, p; = 0.
But since X, —x > 0 and p, > 0 implicitly, it must be the case that p, = 0, meaning A,, > 0

— a contradiction. See text for a discussion of the economic content of the assumption on the

11



value function.
To prove part (4), take the FOC for p, in problem (A.51):

OE_ V(50 . 9E V(56"

_5R0 5RS +a -1 ﬁ -1 + AS -1 _‘U/S -1 = 0 (A.65)
aXt t 8BJt t t ,t ,t
Rearrange this into:
OE 1V (56"
3E_ V(';Q/) 9By,
o t 18)2 - aEtilv;(.;g/)Rst —Rp |+ a1 — ﬁt—l = Ms,e—1 — A’s,t—l (A.66)
t X,

Therefore:

_aEt_lvt('; 9/) < aEt_lvt('; 6/)
9B, X,

(Rst <Ry = Us1 < As,t—l +to 1 — ﬂt—l) — (A.67)

As explained above, if R;, <R, then A, ,_; > 0, which implies p; ,_; binds at the minimum, as
required.
O

Claim 4 (Consumption impact comparison with target deviation costs) Suppose a consumer
has only student debt B, and a checking account X,, and that the condition on EV in Claim 3,
part (3) holds in period t — 1. Let b; € {0, b,} x {0, b, } where b, and b, are high enough so that
if b;; > 0 then m’, = g and if b;, > 0 then m}_ = g.

Assume that R, = 1, and that consumption is weakly decreasing in student loan balances B,
and student loan interest and limits R ,,;, L, ,4;, | € [t,t + F].

Consider a stimulus policy that involves a payment of AX in period t, and a forbearance policy
that shifts 0 to 6’ (as defined in Section 2). Then:

. . . . . 9 .
1. The change in consumption due to stimulus payments is Ac"™ ~ ;‘Xf JAX if b, =0, and
Ac”™ = AX otherwise.

2. The change in consumption due to forbearance is:

oc'() i i — i ; —
Acf,ml{w( S04l Apl i by =0 Pliy ifby=0
t

where Ap,; = {

=0 otherwise. 0 otherwise.
(A.68)
where €, is defined in Appendix equation (A.75) and is bounded by:
m |2 g (A.69)
—€ .
t — 8Bst st

12



Proof of Claim 4 Consider cases where b;, > 0 and / or b;; > 0. By definition:

Ac™ =0if b, >0 (A.70)
AP =0if b, >0 (A.71)
Apl"i=0if b, >0 (A.72)

Now consider cases where b;, = 0. In this case, consumption is chosen according to FOCs of
problem (A.42). A first-order Taylor expansion gives:

m
dc, "

AX A.73
dX, (A.73)

w,m; __
Ac, ' =

Equations (A.70) and (A.73) together deliver part (1) of the claim.
For part (2), note first that X] = R, (Xt—1(‘) —p:;_l(-)) and B/, = R, (B, — ps,—1(-)). A

first-order Taylor expansion therefore gives:

- 9c" dc"
Ac™ = —— =Ry A" + — = (Rupli — (R — 1)B,1)
t st
F m;
dc _dce )
lzzl (aRs t+1 e aLs,L‘+l o

Applying the assumption R, = 1:

ac/
fom fom;
Ac, = A !
‘ aXt Pst

dc;' u i dc
+ R,—1)B + AR, . +——AL
8Bst ( stps t 1 ( st ) s, t— 1 Z (ERS il s, t+1 3Ls,t+1 s,t+l)

-~

=¢, lApf >y

(A.75)

The assumed comparative statics on ¢, '(-) imply that all terms in &, lAp{t  besides 2 75, o Rst ps 1
are positive. Therefore:

m;

m; Ct
—e,' < R A.76
St aBst st ( )
Together, equations (A.71), (A.75), and (A.76) deliver part (2) of the claim. O
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A.2.3 Derivation of equation (11)

From Claim 4, to a first-order:

Ac”™ ac(+)

~n

Ax X Tax,

—méct,mi N (—ac?i(.) + elni) A
Ps1(550) X,

where Ap/" —pst 1(50)— pst 1(;8"). By definition:

MPx/ = = /
’ s,t—l(.; 9 )
Therefore:
Apl
1-MPx!, = — Doc
* ps [1_1('; 9/)
Moreover:
Apl 0 ifb,>0
Piia |1 ifb, =
Hence:

fim; w,m;
Act ' ¥ Ac, "
1-MPX — |+ 1, &
ey g h) ( AX ) o

Take expectations across i of equation (A.82):

AC{ - ) f ( AC:V’mi ):| m;
E[p” G 9)]‘E[9‘i (1 MPXi,ps) AX +E[1, o) ]
— f Ac™
_E[Xi]E[(l—MPXi’ps)-(T)]

~ f Acrv’ml m;
=7-E|(1-MmPx],)- — | |+ E[Ls=0el]
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To convert this to the expression in the text, substitute in the following definitions:

Apy =pyi (500 —pi_1(50) (A.86)
Pise—1 =Dyq1(6) (A.87)
Ac{t = Ac{ oM (A.88)
Act = Ac”™ (A.89)

dc;, dc;t
an:t = 57; (A.90)
g =g (A.91)
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B Transactions data appendix

B.1 Identifying student loan borrowers

I identify student loan repayments using debit transactions made to private and federal student
loan servicing companies. To identify federal borrowers, I specifically search for FedLoan /
PHEAA, Great Lakes, HESC / EdFinancial, OHELA, Navient, Nelnet, OSLA, ESCI, GSMR, and
Cornerstone, which had contracts to service federal loans at some point during my study period.
During this period, FedLoans, Great Lakes, and Cornerstone were federal exclusive servicers,
meaning I can guarantee that payments to these servicers are payments on federal student
debt.

The government renews contracts every year and sometimes changes servicers. I use In-
ternet archives and Department of Education releases to verify that transactions classified as
federal loan repayments are made to a servicer with a federal contract in the year of payment.

For loans over 360 days delinquent, the government transfers loan servicing to a separate
collections company. I exclude payments to this servicer; while defaulted loans enjoyed some
CARES Act relief, repayments are often irregular and negotiated directly between borrowers
and collections agency, and so likely exhibit different dynamics relative to non-defaulted bor-

rowers.

B.2 Identifying private student loan servicers

There are no public sources that provide a comprehensive list of all private student loan ser-
vicing companies. To ensure that I identify servicers who handle most outstanding private
student loan debt, I start from market share estimates reported in the Student Borrower Pro-
tection Center (SBPC) 2020 report on private student lending (SBPC 2020, Figure 9). The
SBPC market share estimates compile information from the Fed’s G.19 consumer credit se-
ries; the MeasureOne Private Student Loan Consortium, an industry group; financial filings
from large publicly-traded lenders; and other public sources. I divide the market into three

categories of originators:

1. Large publicly-traded student loan originators (60% market share): Consists of Sallie

Mae, Navient, Wells Fargo, Citizens, Discover, and PNC;
2. State-backed student loan companies (6% market share);

3. Other small or private firms and credit unions (34% market share)
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For category (1), I use public documents to identify the servicers used by each originator.
For categories (2) and (3), I first use public sources to generate comprehensive lists of major
originators within the category, and then manually identify servicers for each originator. In

particular:

* State-backed student loan companies. 1identify originators based on publications from the
Education Finance Council (EFC), the national trade association representing nonprofit
and state-based higher education finance organizations. I use the 2019 Non-profit and
State-based Education Loan Handbook, which lists 25 member institutions originating
loans (EFC 2019).

* Smaller private originators. The SBPC characterizes this category as consisting of fintechs
and other non-depository institutions specializing in student lending; credit unions; and
small or private regional banks that extend student loans. It would be infeasible to
comprehensively search for all such originators, so I identify major players by studying
lenders reviewed by Nerdwallet, a popular online personal finance website. I pulled
recommended lenders for both private loan origination (link) and refinancing (link) as of
January 2022. According to Nerdwallet’s methodology (link for origination and link for
refinancing), the editorial staff surveys banks, credit unions, online lenders, and specialty
lenders, including the top 10 lenders by online search volume. This search adds another

15 unique originating institutions, given considerable overlap with the first two lists.

Some originators service loans themselves, and others contract with either standalone servicing
companies or the servicing divisions of large student loan issuers. In total, the large publicly-
traded student loan originators use 11 servicers. State-backed student loan companies add
another 15 unique servicers, and smaller private originators add another 4. Together, I search

for payments made to a total of 30 student loan servicers.

B.3 Identifying Sallie Mae payments

Recall that I partly identify payments to student loan servicers using transaction description
text. As a privacy protection measure, my data provider runs a machine-learning algorithm on
raw data to remove personally identifiable information from transaction descriptions, including
names. The algorithm sometimes censors “Sallie Mae” due to semantic similarity to a woman’s

name. I identify such instances using the following procedure:

 First, I restrict to users who have at least one transaction with “Sallie Mae” in the de-

scription,;
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https://www.nerdwallet.com/best/loans/student-loans/private-student-loans
https://www.nerdwallet.com/best/loans/student-loans/student-loan-refinance-companies
https://www.nerdwallet.com/l/ratings-methodology-for-private-student-loans
https://www.nerdwallet.com/l/ratings-methodology-for-student-loan-refinance

* Second, I search for payments in other months where: (i) the dollar amount of the
payment is within $20; (ii) the payment occurs in the same week of the month; (iii) the
transaction description has the text “ XXXXXX XXX ” (a censored version of “Sallie Mae”);

and (iv) the data provider classified the payment as a loan.
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C Additional empirical analysis

C.1 Accounting cost of the program

The Ed Department estimates costs as the present value of the change in interest spread less
savings due to forgone servicing and overhead charges, with the discount rate based on Trea-
sury yields. The Ed Department fiscal year starts on Oct 1. The program cost $25.0 billion over
the first six months (Department of Education 2020, p. 59), $49.5 billion from Oct 1, 2020
through Sep 30, 2021 (Department of Education 2021, p. 64), and $48.6 billion from Oct 1,
2021 through Sep 30, 2022 (Department of Education 2022, p. 69).

C.2 Robustness: MPX on federal student loans out of forbearance liquid-
ity
This subsection presents robustness analysis for Section 4.1. Results are in Table G.1.

Panel A gives the four-week MPX on federal student loans out of forbearance liquidity
on average and split by quartiles of both 2019 average loan payments and the ratio of 2019
average loan payments to 2019 income, restricting the time trend in equation (5) to have
common slopes before and after the onset of forbearance (8, = f3,).

Panel B presents results from the placebo test from the main text, again restricting to com-
mon slopes before and after forbearance begins.

Panel C presents results from another placebo test restricting to borrowers who are only
observed to have payments on private student loans, both with and without the common slopes
restriction.® The point estimate indicates that payments on private student loans declined by
about 13% over the four weeks following the start of forbearance. This may not be a good
representation of counterfactual payments on federal student loans absent forbearance. A
unique set of circumstances leads borrowers to have payments only on private student loans —
only 5% of my sample is in this category. First, they could be in deferment, default, or grace on
federal but not private student debt. Such borrowers may be especially financially precarious
and hence more likely to stop private loan payments during Covid-related distress. Second,
they could have refinanced federal debt. Such “active refinancers” may have refinanced again
as interest rates fell around the start of Covid. I do not have a complete set of servicers of
private student debt, and so I may lose track of some such refinancers. A final possibility
is that some may have stopped paying because they thought their private debt was federal,

and subject to forbearance. This may be more likely among those without private debt; people

33The estimates look identical with and without the restriction, but that is only because the common slopes
assumption matters so little for the estimates).

19



with both private and federal debt would only receive notice on some of their accounts, possibly

emphasizing that private debt is not eligible.

C.3 Robustness: Alternative estimates of MPX out of stimulus check lig-
uidity

This subsection describes results from estimating specifications (6) and (7) using the imputa-
tion estimator described in Borusyak, Jaravel, and Spiess (2024). I report an equal-weighted
average of treatment effects over the 30 days after stimulus checks arrive. For standard er-
ror calculation, I assume treatment effect homogeneity across borrowers conditional on event
time. As discussed in Borusyak, Jaravel, and Spiess (2024), Section 4.3, the resulting standard
errors are conservative under misspecification of this auxiliary treatment effect homogeneity
assumption.

Table G.2 replicates Panel B of Table 2. In most cases, point estimates are quite similar or
almost identical. In all but one case (discussed below), 95% confidence intervals of the point
estimates overlap.

There are two points worth mentioning. First, estimates of the MPX on federal student
loan payments on the full sample and private student borrower sample are slightly higher in
Table G.2 than in Table 2. In the full sample, the FE estimate is about 1%, compared with
2% using the imputation estimator. In the private student borrower sample, the estimate is
2.7% vs. 0.6%. Both are much smaller than the estimated MPX on federal student loans out
of forbearance liquidity.

Second, while the estimated MPX on credit card and private student loan payments out
of stimulus check liquidity remain higher then the estimated MPX on federal student loan
payments, the effect is statistically weaker than in FE estimates. This is especially the case for

private student debt.

C.4 Additional analysis of borrowers with private student debt.

This subsection provides additional analysis for borrowers with private student loans (fact 4 in
Section 4.1).

First, a comment on heterogeneity analysis based on imputed private student loan balances.
Because my approach imputes higher balances for people in a comfortable financial position
who possibly pay ahead of schedule, I approach heterogeneity based on imputed balances
with caution. I report them in the main text for completeness, but do not view the estimates

as particularly reliable.
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Second, I examine some basic summary statistics for borrowers imputed to have private
student loans when forbearance began, similar to those presented in Figure 2. Appendix Figure
E4 shows that about 26% of borrowers with private student loan balances make the mistake of
prepaying federal student debt in April and May, and the 75" percentile borrower with at least
$9,000 in private student debt paid around $1,000 towards their 0%-interest federal student

loan over that period.

C.5 Evidence against alternative explanations for prepayment during for-
bearance

This subsection fleshes out arguments made in Section 4.1.2.

First, recall the fourth argument, that “pull” autopay cannot explain results. Repayment
patterns suggest that “pull” autopay is unlikely to drive results. Autopay usage predicts that
borrowers (i) pay the same amount each month post-forbearance; and (ii) pay the same
amount before and after forbearance began. Contrary to (i), among borrowers making at least
one federal student loan payment from April 2020 to January 2021, only 6.4% pay the same
amount each month; contrary to (ii), only 30.0% pay equal amounts in January, February, and
April 2020 (allowing for £ $20 differences).

Next, recall the fifth argument, that repayment patterns provide affirmative evidence that
borrowers make an active choice to repay their loans. At the onset of forbearance, repayment
amounts (i) become more variable; and (ii) start clustering at whole, round numbers.

Appendix Figure E5 shows evidence for (i). I restrict to borrowers making one post-
forbearance loan payment, and in the solid series plot the sample standard deviation of nonzero
payments in each week. Payment dispersion sharply and immediately rises when forbearance
begins, with the standard deviation increasing by about 50% by the end of April. To see that
changes in borrower-level repayment amounts, rather than changing patterns in repayment
timing, drive the change, I also demean observations at the borrower level and in the dashed
series report the standard deviation of the demeaned panel. For evidence on (ii), in Appendix
Figure E7 I plot the fraction of nonzero payments that are exact multiples of $5, $25, or $100
in each week, again among the fixed sample of borrowers who make a post-forbearance federal
loan repayment. The fraction paying an exact multiple of $100 almost doubles from around
18% in March to around 37% by mid-April. Voluntary or manual payments are more likely
to bunch at round numbers than “pull” autopayments or minimum payments. Thus, the in-
crease in the proportion of payments that bunch at round numbers indicates more voluntary —
and hence intentional — repayment. Collectively, these patterns suggest that many borrowers

continued making payments because they perceived that doing so was the optimal response to
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forbearance, rather than following pre-forbearance habits.

C.6 Consumption impact of forbearance: Recently paid-off borrowers
implementation details

Since I do not see federal student loan balances, I must impute when a borrower has repaid
her loans. I start with a sample of borrowers who stop making payments as of a particular
calendar date. I then check a number of conditions to verify that borrowers stopped making
payments because they finished paying off their loans, rather than other reasons. Finally, I
apply symmetric conditions to borrowers who continue making loan payments as the treatment
group.

I consider borrowers who permanently stop making payments in the second and third quar-
ters of 2019. I choose this date range for two reasons. First, it is possible that such borrow-
ers either (i) defaulted on their loans or (ii) merely took a few months to stop paying after
paying ahead before planning to resume. To account for these possibilities, I require that pay-
ments never resume after initially stopping, and that borrowers made consistent payments
each month before stopping. Choosing the second and third quarters of 2019 gives me sev-
eral months both before and after payments stop to make sure that both of these conditions
are met. As previously indicated, and to ensure that my treatment group has similar repay-
ment patterns to the control group, I apply this continuous payment requirement to borrowers
who have not repaid their debt before forbearance begins as well. Second, the end of loan
repayment and ensuing liquidity may itself have an independent short-run treatment effect on
spending. I therefore choose a date sufficiently far from the onset of forbearance that such
treatment effects are unlikely to bias the estimated impact of forbearance.

Finally, it is also possible that federal payments cease because a borrower has decided to
refinance her loan with a private lender. Borrowers who choose to refinance are likely different
in unobservable ways compared with those who do not, since (i) riskier borrowers have less
of an incentive to refinance, and (ii) refinancing might correlate with financial sophistication,
which itself could correlate with spending patterns at the onset of the pandemic. To avoid this
possibility, I drop borrowers with only private debt.

Given these restrictions and the experimental design, the coefficients o, in specification
(8) estimate an average treatment effect on borrowers with only federal debt who meet the
continuous payment requirement but have not repaid their debt before forbearance begins. I

f,semi . X . .
. to this subpopulation when forming semi-structural

therefore apply the estimator MPX

estimates for this sample.

22



C.7 Consumption impact of forbearance robustness: Federal / private
debt mix

This subsection describes a second natural experiment used to estimate the forbearance con-
sumption MPX. Results are quantitatively similar to those from the payment-end natural ex-

periment considered in Section 4.2.

C.7.1 Empirical approach

This approach uses the intuition that cumulative human capital investment influences spend-
ing outcomes, and exploits heterogeneity in the ways that borrowers happened to finance a
common level of human capital investment. Specifically, the student loan forbearance pro-
gram only applied to federally-owned debt, meaning that borrowers with private debt did not
receive relief from the program.

I therefore compare spending outcomes before and after forbearance for borrowers who
only have federal debt, and borrowers who have a similar amount of total debt, financed using
a mix of federal and private loans. Since these groups have similar levels of education debt,
I argue that they have made similar levels of human capital investments — regardless of the
original circumstances that caused them to choose different financing schemes. **

Figure E10 visualizes the treatment variation I use to estimate expenditure responses. The
solid blue line indicates average total (federal) student loan payments each month for borrow-
ers with only federal debt, while the gray long-dashed and short-dashed series plot average
student loan payments each month for borrowers with both federal and private debt. The
long-dashed series gives total student loan payments, and the short-dashed series gives stu-
dent loan payments on federal loans. For quartiles 3 through 4, federal student loan payments
constitute slightly more than half of total student loan payments for borrowers with both fed-
eral and private debt before forbearance begins. I group borrowers based on the quartile of
pre-forbearance total debt repayment. Comparing the blue solid series to the gray long-dashed
series shows that total debt repayment trajectories before forbearance are similar across the
two groups. However, since borrowers with both federal and private debt have a lower fed-
eral share of total payments, they receive less liquidity when forbearance begins. Indeed, total
payments drop by more in the federal-only group relative to the group with both federal and
private debt. Intuitively, the identification strategy holds fixed pre-forbearance debt payments,

compares the spending change before and after forbearance for borrowers with only federal

34Students typically borrow as much as they can using federal programs before turning to the private student
loan market, where interest rates tend to be higher and repayment terms less forgiving. Limits on federal bor-
rowing depend mostly on family background.
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debt to the change for borrowers with both federal and private debt, and correlates the dif-
ference with the difference in amount of forbearance liquidity received by the two groups.
While Figure E10 groups by quartile, I use more granular pre-forbearance payment deciles for
estimation.

I translate this into regression form using the following specification, where t indexes

month:

8
Ce =Yi+ 0y t+xpetw,  +&,  xTotal Pmt; + Z oi]l(t =k);-Fed Pmt;+¢; (C.1)
k=—7
where coefficients have the same definition as in specification (8) with three exceptions. First,
the coefficients &, . X Total_Pmt; represent time-by-pre-forbearance payment decile indica-
tors interacted with a variable giving total pre-forbearance student loan payment levels for
all borrowers — both private and federal borrowing. Second, the variable Fed Pmt; gives the
amount of liquidity received by borrowers with only federal debt, and equals zero for bor-
rowers who have any private debt. Third, the coefficients y;, interact time indicators with
an indicator variable that equals one when a borrower has any private debt. This set of fixed
effects means that ai is measured using intensive margin variation in the amount of liquidity
received from forbearance for borrowers with only federal debt versus a mix of federal and
private debt. It is meant to reduce concerns about time-varying spending differences driven by
selection into obtaining any private debt.>
The coefficients of interest are ai, which intuitively deliver the expenditure effect of an
additional dollar in federal debt, holding fixed total debt, in event time period k. The iden-
tifying assumption to interpret these coefficients as a causal effect is that absent forbearance,
spending trends would have evolved in parallel for borrowers with the same overall payment
levels but a different composition of debt payments between federal and private borrowing,

controlling for income-by-time trends.

C.7.2 Implementation details

Borrowers get to choose whether they take out private or federal debt. This raises the threat
to identification that borrower debt mix correlates with time trends near the start of the Covid
pandemic. I previously argued that conditional on the level of borrowing, borrower consump-
tion patterns should evolve similarly, even if the initial debt mix at first correlated with a bor-
rower’s socioeconomic status. However, this argument does not apply if borrowers can adjust

their debt mix after obtaining their education.

35Results are similar without this set of fixed effects, indicating that this concern has limited impacts on results.
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More specifically, refinancing activity that alters the borrower debt mix may threaten identi-
fication for reasons previously mentioned. I therefore make sample selection choices to exclude
borrowers who appear to refinance. To do so, I require that borrowers with both federal and
private payments continue to make payments on federal debt for more than 31 days after the
first recorded private debt payment. This ensures that private payments do not emerge as a
replacement to federal student loan payments.

Given these restrictions and the experimental design, the coefficients ai in specification
(C.1) estimate an average treatment effect on borrowers with only federal debt. I therefore

semi

apply the estimator MPX to this restricted population when forming semi-structural esti-

mates for this sample.

C.7.3 Results

To evaluate the identifying assumption behind the natural experiment, Figure F11 plots &7
from specification (C.1) to evaluate the second natural experiment. I omit the coefficient that
interacts the event time coefficient representing more than six months before forbearance be-
gins with payment amount.

The figure broadly shows no pre-trends, supporting the interpretation that o; represents
the causal impact of an additional dollar of monthly forbearance liquidity on spending in the
k*® month following the start of forbearance.

Table G.4 presents full results. Stimulus payment MPX and semi-structural forbearance
MPX estimates are similar to previous columns. This second natural experiment again suggests
a lower forbearance MPX than either the stimulus payment or semi-structural MPX. Specifically,
the estimated forbearance MPX has a statistically-insignificant point estimate of -0.8 to 0.4%,
with 95% confidence intervals ruling out estimates greater than 5.1%.

Panel B reports estimates for the broad nondurable spending MPX out of stimulus payment
and forbearance liquidity. Borrowers spend about 9% of their stimulus checks on nondurables
within the first four weeks. Estimates from the heterogeneous federal-private debt mix natural
experiment give statistically insignificant point estimates of -2.4 to -0.9%, with 95% confidence

intervals ruling out estimates exceeding 2.6%.

C.8 Robustness: Alternative estimates for MPX out of forbearance liquid-
ity
This subsection describes robustness exercises for the analysis summarized in Table 3 and

described in Section 4.2. I report results for the sample included in the paid-off borrowers
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difference-in-difference design, the full sample, and the federal-vs-private borrowers difference-
in-difference design described in Appendix Section C.7.

. . . . ———f,semi
The second row reports an alternative estimate of the semi-structural MPX given by MPX

d

in the main text. Specifically, rather than parameterizing 53 as a linear function of M PXg ol

instead allow a more flexible functional form:

ac;
x = %ot Zk: wI(MPX] . € T,)- MPX! . (C.2)
where T) are bins of M PXI{ ;- I choose 5 bins: one bin for M PX;: ; = 0, and four equal-sized
. . . . f

bins split by quartiles of positive M PX Do

The third row reports an alternative estimate of the semi-structural MPX, where instead of
estimating the parameters of the linear relationship between % and M PX;:’ ; using the fixed
effects estimator as in the main text, I instead use the imputation estimator from Borusyak,
Jaravel, and Spiess (2024).
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D Survey appendix

D.1 Recruitment details

I recruited survey participants using Prolific, an online survey platform. Recruitment ran from
March 4, 2023 to March 7, 2023, and the main survey ran from March 9, 2023 to March 13,
2023.

My target population was US adults who had outstanding student debt when forbearance
began in March 2020. To recruit an appropriate population, I first ran a short screening survey
with a question that asked respondents whether they had outstanding student debt anytime
from 2019 and the present. I sent the screening survey to a balanced sample of men and women
who had completed at least a high school education.®. I described the screening survey as a
one-minute “academic study” conducted by researchers at Harvard without specifying that
the screening survey attempted to identify borrowers with outstanding student debt. I added
dummy questions about exercise habits, cohabitation with family members, and car ownership
to ensure honest answers to the student debt screen. I paid 2,800 participants $0.2 to complete
the survey. With a median answer time of 37 seconds, the effective hourly compensation was
about $20 / hr.

I then sent the full survey, hosted on Qualtrics, to the 1,025 respondents who reported in
the screening survey that they had outstanding student debt at some point between 2019 and
the present. I described the follow-up survey as a “student debt study” designed to understand
borrower experiences with student debt. The survey was advertised to take about 10 minutes
(despite taking a median of around 7 minutes in piloting), and respondents were paid $2 for
their time. The median respondent completed the survey in 7.5 minutes, for an effective hourly
compensation of about $16.1 / hr.

In accordance with my pre-registration plan, I instructed Prolific to recruit until I received
800 responses. This number was motivated by power calculations I conducted for the exper-
imental hypothetical question described in the text. Due to Prolific not closing off responses
quickly enough, I ended up with 801 responses on Qualtrics. Out of the 801 responses I re-
ceived, two respondents decided not to participate when asked to complete the Qualtrics in-
formed consent form. One respondent failed a pre-registered sample selection screen — namely,
spending at least nine seconds before answering a complicated hypothetical question. There-

fore, the final survey had 798 valid responses.

361 included people who completed technical or community college.
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D.2 Survey instrument details

I asked the modules described in the main text in the following order. I first asked questions
to identify student loan debt repayment mistakes. Then I ran the experiment. I then assessed
policy knowledge, asked borrowers why they made student loan debt repayment mistakes if
relevant, and closed with the financial sophistication screen.

The full set of survey questions is available here:

https://jdikatz.github.io/assets/files/forbearance survey questions 20230308.pdf.

D.3 Pre-registration

I preregistered experimental survey components using the Wharton Credibility Lab’s AsPre-
dicted platform and the AEA RCT Registry. The analysis plan registered with the AEA details

the power calculations that I used to arrive at a targeted sample size of 800 borrowers.

* The AEA RCT Registry analysis plan is available here:
https://doi.org/10.1257 /rct.11040-1.1.

* The AsPredicted analysis plan is available here:
https://aspredicted.org/ej67r.pdf.

The full set of pre-registered survey splits are in Appendix Table G.10.

D.4 Summary statistics and replicating transaction data results

Table G.6 presents summary statistics for the full sample of survey respondents. The average
respondent is aged 36, has 2.6 people in their household, and has modal annual income be-
tween $50,000-100,000. Around 90% of respondents report having federally-owned student
debt as of March 2020.%”

Table G.6 also replicates core empirical results from the transactions data in the survey
sample. First, a large fraction of borrowers continue to make payments on federal student debt,
even after forbearance begins. Among those with any student debt in March 2020, 32% have
made payments between the start of forbearance and the present. Excluding borrowers who
were in school, their grace period, deferment, or forbearance in February 2020, the fraction

rises to 37%. I use this more restrictive version of continued payments when conditioning on

37The remaining 10% likely ended up in the sample because they were college students or recent graduates
who did not have debt in March 2020, but took out debt between March 2020 and the present.
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borrowers who continue to make payments for the remaining table rows, since it better aligns
with my transaction data sample selection criteria.>®

Second, borrowers use liquidity from stimulus payments inconsistently with liquidity from
forbearance. While 37% of borrowers required to make payments as of February 2020 con-
tinue to make payments after forbearance begins, around 80% of those same borrowers do
not use their stimulus checks to make payments on their federal loans. Third, borrowers with
other interest-bearing debt also prepay. Among those who prepay federal student loans after
forbearance begins, 47.7% have interest-bearing credit card debt and 70.5% have interest-
bearing credit card, auto, medical, or mortgage debt in March 2020. Among borrowers with
credit card debt in March 2020 who prepayed federal student loan debt post-forbearance, 35%

used their stimulus checks to pay down credit card debt.

D.5 Time-inconsistent preferences and limited attention as alternative
explanations.

This subsection considers alternative types of costs that might generate debt repayment mis-
takes or inconsistent use of liquidity from forbearance and stimulus.

Sophisticated time-inconsistent borrowers may continue payments as a “soft commitment”
(Bryan, Karlan, and Nelson 2010): from the perspective of long-run preferences, stopping
payments could facilitate over-consumption by increasing liquid resources available to present-
focused selves. However, in Table 4b, only 12% of prepayers did so because they “did not trust
[themselves] to put enough money aside for when payments resumed. Among this group,
only 20% implemented this strategy by repaying federal student loans using stimulus check
funds (Appendix Table G.8). Moreover, if attention is limited or costly, then borrowers may
continue making payments because they optimally choose to ignore higher-frequency changes
in government student loan policy (Caplin 2016, Gabaix 2019). However, in Table 4b, only
8.6% of prepayers “continued making payments” because “it wasn’t worth paying attention to
changing student debt policies.”

38Recall that the transaction sample selects borrowers who made payments on federal debt during 2019. Bor-
rowers who were in school, grace, deferment, or forbearance as of February 2020 likely did not make any payments
during 2019, and hence would not meet my transactions data sample selection criteria.
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E Fiscal policy calibration appendix

E.1 Calibration exercise derivations
E.1.1 Consumption impact of forbearance versus stimulus checks

In a model where high MPCs are due to liquidity constraints and borrowers cost-minimize in
response to forbearance, a spender would increase consumption by p; - L;. However, target

deviation costs reduce the consumption MPX out of forbearance liquidity relative to the cash
MPx! _ E[z(1-n)L]
MPXY — E[L;]

equals one if borrower i chooses saving optimally and zero otherwise. The term y,;(1 —n;)

windfall consumption MPX (Claim 4). Define y = as in the text, where y;
represents how a dollar of cash windfall MPC translates into a forbearance MPC. The second
equality comes from Equation (11).

The parameter y depends on (i) total saving target deviation costs and (ii) the correlation
between target deviation costs for total saving and student loan repayment.

The total consumption impact of forbearance depends on whether relief is targeted towards
borrowers with high consumption MPC L;. The one-month consumption impact of forbearance

is AC; = E[p;]- E[ x;(1 —n;)p;L;], which can be rewritten as:

COV(Xi(l_"’)i):PiLi)) (E.1)

E[x:(1—n,)]

behavioral targeting

AC; =E[p;]-E[x{(1—n)]- (E[Li] + Cov(p;, L) +
—_——

resource targeting

This depends on: (i) total liquidity delivered by the transfer, (E[p;]); (ii) average consumer
MPCs (E[L;]); (iii) the average effect of marginal forbearance liquidity on cash-on-hand (E[ y;(1—
1,;)]), and (iv) two types of targeting. The “resource targeting” term reflects program targeting
towards constrained borrowers with high L;. The “behavioral targeting” term reflects program
targeting towards constrained borrowers who actually spend the liquidity from forbearance —
or have low target deviation costs. This captures whether unconstrained borrowers with low
L; are less likely to “take up” forbearance and instead continue repaying their debt.

Now consider a direct cash transfer policy where the government sends a total of G, to
borrowers as stimulus checks. Borrower i gets w;G,,, where w; is the share of total spending
targeted towards i. Borrowers spend w;L;G,. The present-value fiscal cost is G,,, and the

consumption impact is:
AC, =G, - E[w;L;] =G, (Cov(w;, L;) + E[L;]) (E.2)

As in (E.1), the total consumption impact depends on the size of the transfer, average con-

straints, and targeting toward constrained borrowers.
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Applying the definition of E, setting G,, = G, and using equations (E.1) and (E.2):

AC; — AC,
Gy
_ Elp]-E[xi(1 —n)p;L;]1—G, - E[w;L;]
R(T,)AR,E[(1—n;)p;]- E[p;]
_ E[x:(1—m)p;L;]
R(T,)AR,E[(1—n;)p;]

Ef

—E[w;L;]

_ 1 Elp;LJE[xi(1 = 1)1+ Cov(x(A —n), pil )\ _ e

- (R(TS)ARS)( E[(1—10p:] )-rwie)

_ 1 E[p;L;] Cov(xi(1—ny), pil)\ (ELxi(L—m)]\ .

- [(R(TS)ARS) (E[WiLi]) (1 - E[x;(1— ni)]E[piLi]) (E[Pi(l - "71')]) 1] ElwiL]
(E.3)

Rearranging equation (E.3) yields expression (12) in the main text.

E.2 Sensitivity of E; to calibrated values

This section gives additional details for how E; varies with calibrated parameters.

Figure E12, Panel E12a shows how the average cost effect depends on forbearance length
T, and the interest rate spread on student loans AR. The grey solid line shows the relationship
for AR = 1.9%, and the dashed blue line shows the relationship for AR = 3%. More generous
forbearance due to a longer remaining term on outstanding loans or a higher interest rate
spread erodes the forbearance fiscal cost advantage relative to stimulus checks. Since there
are no catch-up payments, the outstanding term impacts how long the government must wait
before it is repaid for forgone interest, the amount of which is controlled by AR.

The grey dotted line shows my choice of T, = 42 months. This intersects with the grey
solid line at point A to show the estimate of the average cost effect in the baseline calibration
of 2.63.

Figure E12, Panel E12b fixes the forbearance average cost effect at point A in Panel E12a,
and shows how variation in the targeting effect k¥ and flypaper effect ﬁ impact E;. This plot
fixes E[w;L;] at its baseline value of 0.17. The blue dashed line ignores the flypaper effect, and
shows the relationship between the targeting effect and the forbearance fiscal cost efficiency.
Given its average cost advantage, forbearance remains more efficient even if it is much more
poorly targeted than stimulus checks. The gray solid line shows how the flypaper effect changes
this assessment. Since the estimated flypaper effect counteracts the average cost effect, it: (i)
blunts forbearance’s fiscal cost advantage; and (ii) requires better-targeted forbearance for

forbearance to retain a fiscal cost advantage.
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My estimate of k = 0.92 is plotted as a vertical line in Figure E12, Panel E12b. This shows
how E f drops from 0.25 (Point C) to 0.01 (Point D) once accounting for the estimated flypaper
effect.

Figure E12, Panel E12c plots the present value of total government spending against the
total one-month increase in consumption AC,,,. The dashed blue line assumes no flypaper
effect, while the solid gray line uses estimated y and 7. The vertical line intersecting point
E plots the expected cost of the rescue package, which I estimate to be $1,483 given average
student loan payment and stimulus check size in the transactions data.

The package was originally expected to increase consumption by $291 (point E). The
flypaper effect implies that forbearance only increases consumption by $14, rather than the
expected $56. Stimulus checks would have to total $1,591 (18% higher) to make up the
difference, bringing the total fiscal cost to $1,666 (point F, 12% higher).

Figure E12, Panel E12d plots break-even forbearance length T?* against T,. When y =1
and 1 = 0, TPE = 110 (point H). The flypaper effect implies that T?Z = 46 (point G), 58%

lower.

E.3 Additional details on computations for Calibration 1
To calculate the expected cost of the rescue package, note that:
Gtot = Gw + Gf (E4)

Using the formulas in the text and applying n =0,y =1, G; = R(T)ARE[(1 —n,)p;]. More-
over, G,, = E[w;G, ], the average stimulus check size. Since E[p;] ~ 350 in the transactions

data, we have:
G,oy =350 %2.6371 +1,350=1,483 (E.5)

as cited in the text.
Total consumption would be expected to increase by:

0.174 x k x E[p;]+0.174 x E[w,G,,] = 291 (E.6)

as in the text.
How would the estimated flypaper effect impact the package, holding fixed the increase in

one-month aggregate consumption? Total consumption from forbearance becomes:

0.174 x k x y x E[p;] =14 (E.7)
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Therefore, stimulus checks must increase consumption by 291 — 14 = 277. This requires stim-
ulus checks of size 277/0.174 = 1,591.

E.4 Forbearance targeting estimates

This section describes the procedure for estimating k in equation (13), which impacts how
the different targeting properties of student loan forbearance and stimulus checks impact the

forbearance fiscal cost efficiency. Recall that:

_ E[p;L;]
X = ElwL] (8

and from Section 4.2.2, E[w;L;] = 0.174. Therefore, estimating x requires an estimate of
E[p;L;]-

It would be conceptually straightforward to combine (i) information on pre-forbearance
student loan payments and (ii) individual-level stimulus check MPX estimates to estimate
E[p;L;lw; > 0]. However, about one-third of borrowers receiving liquidity from forbearance
do not receive a stimulus check. I use the method outlined in Section E.4.1 in the main text,
where I parameterize L; as a function of observables and use these observables to predict L;
for w; = 0. In Section E.4.2, I calculate bounds on E[p;L;] making very minimal assumptions

on E[L;lw; = 0], and discuss implications for the quantitative exercise in Section 6.

E.4.1 Parametric approach

Assume that:
L; =,u(xl-)+gi~2uk-]l{xi€k}+si (E.9)
K

where u(-) is a flexible function of liquid assets when stimulus checks arrive approximated
by the constants u,;, where u, is the estimated stimulus check MPX for people in liquid asset

quintile k. Assume the residual ¢; L p;. Then we can estimate:
E[piL]= D Pr(xi € k)« i - Elpilx; € K] (E.10)
k

I do not observe liquid assets directly, so I proxy for it using savings in March 2020 as a frac-
tion of 2019 income. People with large dissavings during that period are likely experiencing

financial distress, and hence likely have a higher short-run MPX.* I estimate u, by estimating

39In a buffer-stock incomplete-markets lifecycle model, households with low total assets when stimulus checks
arrive would have the highest MPX, all else equal. In my transactions data, I observe inflows and outflows, but
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equation (6) separately for quintiles in proxied liquid assets. Appendix Table G.11 reports esti-
mates for each quintile, along with E[p;], E[p;], (ix, implied estimates for Pr(x; € k)-u;-E[p;],
and the resulting estimate for E[p;L;] using equation (E.10). Borrowers with lower proxied
liquidity broadly have a higher estimated one-month MPX out of stimulus checks — the MPX de-
clines from 22.1% in the bottom liquidity quintile to 12.0% in the top liquidity quintile. There
is a loose positive correlation between monthly student loan payments and proxied liquidity.
Overall, Table G.11 shows that E[p;L;] = 0.16. This is slightly less than m, suggesting

that forbearance liquidity is slightly less well-targeted than liquidity from stimulus checks,

assuming universal take-up. These estimates imply that & = 0.92.

E.4.2 Non-parametric approach

This section shows how to estimate nonparametric bounds on E[p;L;] while making fewer

assumptions than in section E.4.1.

Assumptions. Assume that stimulus checks are on average weakly targeted towards high MPC

people, and that the MPC out of a windfall is bounded below zero and one:

E[L;lw; > 0] = E[L;|w; = 0] (E.11)
L;€[0,1] (E.12)

Derivation. By definition:
E[p;L;]=Pr(w; > 0)E[p;L;|lw; > 0] + Pr(w; = 0)E[p;L;|w; = 0] (E.13)

It is straightforward to estimate E[p;L;|w; > 0] using the stimulus check natural experiment.
The probabilities Pr(w; > 0) and Pr(w; = 0) are also easy to estimate.
Let G(-|w; = 0) denote the conditional CDF for p,. Then the term E[p;L;|w; = 0] has the

following bounds:
E[p;L;lw; =0] € [0, (E[L;|w; > 0]) - E[p;|1 — G(p;|lw; = 0) < E[L;|lw; > 0]]] (E.14)

The lower bound follows because assumption (E.12) implies that E[L;|lw; = 0] > 0.

The upper bound comes from maximizing the correlation between p; and L; assuming

not liquid balances. I could estimate a lower bound on balances using net inflows anchored to a particular date.
While this would produce a valid lower bound, the lower bound does not necessarily preserve rank because the
gap between the bound and true balances is correlated with true balances. For example, consider person A with
$5,000 in January 2019 who net dissaves $5,000 between January 2019 and March 2020, and person B with
$10,000 in January 2019 who net dissaves $6,000 between January 2019 and March 2020. I would correctly
estimate a lower bound of -$5,000 for person A and -$6,000 for person B, but incorrectly infer that person A has
more liquid assets as of March 2020.
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maximum possible variance in L;, subject to the constraints in (E.11) and (E.12). That involves
matching the highest p; to the highest L;, the second-highest p; to the second-highest L;, and
so on. The variance-maximizing distribution of L; such that E[L;|lw; = 0] < E[L;|lw; > 0]
assumes that a fraction E[L;|w; > 0] of the sample has L; = 1, and everyone else has L; = 0.
Therefore, for all i where L, > 0 and w; =0, p;L; = p;.

This implies the upper bound becomes:
E[piLi|Wi == O] = Pl’(Li > 0) . E[plLllLl > O] == Pl’(Li > 0) . E[pl|Ll > 0] (E.]_S)

All that remains is to determine p; for i where L; > 0 for the upper bound. Since E[L;|w; =
0] < E[L;|lw; > 0], the maximum fraction of i with L; = 1 is E[L;/w; > 0]. Hence in equation
(E.15):

E[p;|L; > 0] = E[p;|1 = G(p;|lw; =0) < E[L;|lw; > 0]]

Putting everything together delivers the upper bound in equation (E.14). The corresponding
bounds for E[p;L;] are then:

E[p;L;] € [Pr(w; > 0)E[p;L;lw; > 0], (E.16)
Pr(w; > 0)E[p;L;|lw; > 0] +Pr(w; = 0) - (E[L;|lw; > 0]) - E[p;|1 — G(p;|w; = 0) < E[L;|w; > 0]]]

Implementation. First, I use my full-sample estimate of the stimulus check MPX to estimate
E[L;lw; > 0]:

—_—

E[Lw,> 0] =0.174 (E.17)

This is a valid estimate because the difference-in-differences design in the stimulus check nat-
ural experiment estimates an average treatment effect on the treated.

Second, I estimate E[p;|1 — G(p;|w; = 0) < E[L;|lw; > 0]] as the average p, for borrowers
with p; at or above the (1 —0.174) x 100 = 82.6" percentile of the student loan payment
distribution.

Third, I must estimate E[p;L;|w; > 0]. To do so, I parameterize L; = L, + L, - p;, so that:
E[p;Liw; > 0]1=E[p;- (Lo + L,p;)] = LoE[p;lw; > 0]+ L, - E[p}|w; > 0] (E.18)

To estimate L, and L,, I estimate a version of equation (6) where I interact individual event
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time coefficients with the normalized liquidity from forbearance, p;:

Cj,it = Yi + (Syt +Mpreﬂ(t < _7) 'EIPi +MMpxﬂ(t S [0,28]) 'EIPi +‘u/post1(t > 28) ’EIPi
+npre]1(t < _7) EIPI X Pi +T)MPX]l(t € [0:28])EIP1 X Pi

Then L, = fiypx and L, = fypx, and it is straightforward to estimate E[p;lw; > 0] and

E[p?|w; > 0] from sample averages.

Results. Appendix Table G.12, Panel A shows results of the bounds estimates. The results
show that x is bounded between 0.45 and 1.63. Panel B shows how results from calibration
exercises change in the upper and lower bound case. Accounting for the flypaper effect is
quantitatively relevant in all cases. It is quantitatively more important in scenarios where for-
bearance does a comparatively better job targeting high MPC borrowers. In scenarios where
forbearance is not well targeted, and « is close to the bottom of its bounds, then failing to
account for the flypaper effect would cause policymakers to inappropriately conclude that for-

bearance has a fiscal cost advantage relative to direct stimulus checks.

E.5 Forbearance targeting: Alternative correlation assumptions

This section relaxes the assumption in Section 6 that assume away scope for behavioral target-
ing and advantageous take-up.

Assume now that y; L n;, L;, p;, but that n;, L;, and p; might be correlated. Equation (12)

becomes:
_ 1 (ElpiLi]Y Cov(1—ny, pili) Y | E[1-n] \ .] N
Ef_‘(R(TS)AR) (E[WiLi]) (1+E[1_ni]E[piLi]) (E[XI:IE[Pi(l—Th)]) 1] Elwil]
(E.20)
—- 1 . E[(1—n;)p;L;] ) E[y,] 4. "
- -(E(Ts)AR) ( E[w;L;] ) (E[Pi(l_ﬂi)]) 1] ElwiL] (E.21)

This leaves three new terms to estimate.
First, I estimate E[(1 — 1;)p;L;] using a method similar to the “parametric approach” in
Section E.4.1. However, I parameterize L; in a different way to accommodate possible correla-

tion between 7, and L;. I divide the sample into 25 bins based on x; and 7); quintiles.*® I then

“OBins for x; are true quintiles. I place all n; = 0 in one bin, and then create 4 other bins as the quartiles
conditional on n; > 0.
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estimate u,; separately for each bin using the regression:
L; :Z‘u’k']l{(xi’ni)e k}+ ¢ (E.22)
k
I then estimate:

EL(T—n)p:Li] = Y | Pr(x; € k) fy - E[(1 =)yl (xs, 1) € K] (E.23)
k

where I use individual-level estimates of 7);, the MPX on student loans out of forbearance
liquidity, from Section 4.2.2.

Second, I estimate E[p,;(1 —n,)] directly using individual-level estimates of p; and 7, de-
scribed above.

Finally, I need to estimate E[ y;]. Note that given my assumptions:

_ E[x;(1—mn,)L;] _ E[(1—mn,)L;]

Y
Bl T g

[(1 —n,)L;]/E[L;]

Note that the denominator is the ratio between the semi-structural consumption MPX out of

= E[y;]= 5 (E.24)

forbearance liquidity, and the denominator is the consumption MPX out of stimulus checks. I
can calibrate all terms on the RHS using results from the transactions data, which gives a value
for E[ x;]. Looking at Table 3, semi-structural estimates of the total spending forbearance MPX
in the sample of paid-off borrowers implies that E[(1—m;)L;] ~ 0.09. Along with the stimulus
check total spending MPX of ~ 0.17 for this sample, this implies that E[y;] ~ 0.47. The
structural interpretation is that roughly half of borrowers face saving target deviation costs
sufficiently large to prevent saving less than their goal in response to forbearance liquidity.
Table G.13 collects estimates of all these objects and reports the implied E;, along with
results from the main text calibration exercises. The estimated forbearance fiscal cost efficiency,
after taking into account 1; > 0 and y; # 1, is almost identical to estimates in the main text,
with E; = 0.014. It is therefore unsurprising that the estimates for the change in total stimulus
package cost, change in stimulus check size, and change in break-even term are also very

similar to those in the main text.
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F Additional figures

Figure E1: Fraction making payments on federal student loans by week
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Source: Author’s calculations. The figure plots the fraction of borrowers in the full sample who make payments on federal student loans in
each week. The vertical line indicates the onset of automatic forbearance.
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Figure E2: Fraction making payments on federal student loans by month and credit card debt
level

(Sample: Borrowers with linked credit card)
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Source: Author’s calculations. The figure restricts to federal student loan borrowers with a linked credit card account, and plots the fraction
who make a payment on federal debt in each month. The solid blue line shows the average for the full sample. The black dashed and gray
dotted lines restrict to borrowers with a positive lower bound on credit card debt the week of March 16, 2020. The black dashed line plots
the fraction of borrowers making repayments for such borrowers with a credit card debt lower bound below the median, and the gray dotted
line plots the fraction for borrowers with a credit card debt lower bound above the median. The vertical line indicates the onset of automatic
forbearance.
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Figure E3: Fraction making payments on federal student loans by month and credit card debt
level, credit card debt sample

(Sample: Borrowers with linked credit card)
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Source: Author’s calculations. The figure restricts to federal student loan borrowers with a linked credit card account, and plots the fraction
who make a payment on federal debt in each month. The solid blue line shows the average for the full sample. The black dashed and gray
dotted lines restrict to borrowers with a positive lower bound on credit card debt from March through June 2020. The black dashed line plots
the fraction of borrowers making repayments for such borrowers with a credit card debt lower bound below the median, and the gray dotted
line plots the fraction for borrowers with a credit card debt lower bound above the median. The vertical line indicates the onset of automatic
forbearance.

Figure E4: Debt repayment mistakes by cumulative private student loan payments

(Sample: Borrowers w/ private Ins Mar-Jun 2020) (Sample: Borrowers w/ private Ins Mar-Jun 2020 & fed pmts > 0)
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Source: Author’s calculations. The figure plots debt repayment mistakes for the sample of borrowers who made positive payments on private
student loans after June 1, 2020. The left panel plots the fraction of borrowers who make any payments on federal debt between April and
June 2020, and the right panel plots the mean, median, and 75th percentile of cumulative payments on federal debt between April and June
2020. Each panel plots the mean value on each axis within each decile of cumulative private loan payments from June 1, 2020 through
January 1, 2021. X-axis values are winsorized at the 95% level.
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Figure E5: Standard deviation on federal student loan repayments by week

(Sample: borrowers with post-forbearance pmt April 2020 - Jan 2021)
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Source: Author’s calculations. The sample restricts to borrowers who make at least one post-forbearance payment on federal student loans
between April 2020 and January 2021. The solid series plots the sample standard deviation of nonzero payments each week. The dashed
series demeans observations at the borrower level before computing the standard deviation to show “within-user” variance trends.

Figure E6: Fraction of federal student loan payments at round numbers
.8

"
VAN
VN
'
4

AR
Vo L,
v g

A A
NPT NN
- vl/\/

|
|

|

|

| \ n

| /-\‘,‘J “/\"\‘/'u‘\,“ NN
|

|

|

|

[

. . B "
n . » S " -
\ - ' an \ et
A R N L R R N A S AN A WA
RSV R VAV IR WA A - "
A SRR U v v
Y

’ A A I - N/‘
PN VNN AV AW CVAC VAT AVNAN A

Fraction of positive payments
~
L

.2 |
|
|
|
|
|

0 a | | | ! | |

01jan2019 01jul2019 01jan2020 01jul2020 Oljan2:
Date
— Multiple of 100 — — Multiple of 25 ---- Multiple of 5
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between April 2020 and January 2021. Each series plots the fraction of nonzero loan payments each week that are exact multiples of 100
(solid, blue), 25 (dash, light gray), or 5 (dots, dark gray).
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Figure E7: Fraction of federal student loan payments at round numbers
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Source: Author’s calculations. The sample restricts to borrowers who make at least one post-forbearance payment on federal student loans
between April 2020 and January 2021. Each series plots the fraction of nonzero loan payments each week that are exact multiples of 100
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Figure E8: Communications with borrowers around start of forbearance

Source: Internet Archive Wayback Machine. Panel E8a displays a screenshot from the Fedloan Servicing homepage on April 2, 2020 (link).
Note the popup with a link to the Ed Department covid information page (Panel E8c), and the notice about relief below the popup with a link
to learn more. Panel E8b contains a screenshot of the Fedloan Servicing Covid info linked on the homepage, with the snapshot from April 3,
2020. Panel E8c shows the federal government communication homepage, with links to extensive info about the program.


https://web.archive.org/web/20200402031112/https://myfedloan.org/
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Figure E9: Federal student loan pmts, recently paid-off vs. continuous pmt sample
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Source: Transactions panel. The figure plots average monthly federal student loan payments for borrowers with only federal student debt.
The blue solid series gives values for borrowers completing student loan repayments in Q2 or Q3 2019. The gray dashed series plots values
for borrowers who haven’t completed debt repayment before forbearance begins, but meet “continuous payment” sample restrictions applied
to recently paid-off sample. Each panel plots values for borrowers within each quartile of pre-forbearance (and pre-repaid) federal student
loan payments. These figures winsorize student loan repayments at the 5% and 95% level.

Figure E10: Monthly student loan payments by loan payment quartile, federal-only borrowers
vs. federal and private borrowers

Monthly student loan payments

Quartile 1 Quartile 2
100 i 200+ ‘
— A |
N <A\ 150
N /N
50.--- AN 1004---
Y
|
8 y 50 -
|-
0 | 04
Quartile 3
. N : 1000
300~ NN \}
200 AT T —
L. - ~-a e 500
100 1
L. SeoTa_on
| -
0 7\ T T l T T 0 T T T T
01jan2019  01jul2019  01jan2020  01jul2020  01jan2021 01jan2019  01jul2019  01jan2020  01jul2020

— Total pmts | Fed only borrowers
Federal pmts | Fed + private borrowers

Date

T
01jan20:

Total pmts | Fed + private borrowers

Source: Author’s calculations. The figure illustrates the treatment variation used in the federal-private payment mix natural experiment. Each
series plots average monthly student loan payments for borrowers in the sample. The blue solid series gives values for borrowers with only
federal student loans. The gray dashed series plot values for borrowers with both federal and private debt. The long-dashed series plots total
student loan payments (summing federal and private), while the short-dashed series plots federal student loan repayments. Panels group
borrowers by quartile of total pre-forbearance student loan payments.
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Figure E11: Effect of forbearance on monthly spending — heterogeneous federal-private debt

mix
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Source: Author’s calculations. The figure plots event time coefficients 6% estimated from specification (C.1). Spikes plot robust 95% confi-
dence intervals clustered at the borrower level. The left panel shows estimates where the outcome variable is total spending. The right panel

shows estimates where the outcome variable is broad nondurable spending.
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Figure E12: Impact of flypaper effect on countercyclical fiscal policy design: Sensitivity to

calibrated values
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(c) Calibration 1. Stimulus check size.

(d) Calibration 2. Break-even repayment term.

The gray solid line plots estimates with y = 0.25, = 0.44, and the blue dashed line reports estimates under y = 1, = 0 Panel (a) shows
how the reciprocal of the present value of the fiscal cost per dollar of forbearance liquidity (vertical axis) varies by the number of months left
until borrowers repay their loan (horizontal axis). The text refers to the quantity on the vertical axis as the “average cost” effect. Point A gives

baseline estimates for the average cost effect assuming T; = 42 months

remaining on student loans; point B shows how the average cost effect

changes when the student loan spread increases from 1.9% to 3%. Panel (b) shows how forbearance fiscal cost efficiency relative to stimulus

checks (vertical axis) varies based on how well forbearance liquidity

is targeted towards high MPX households relative to stimulus checks

(horizontal axis, denoted the “targeting effect”). The blue dashed line shows the relationship assuming no flypaper effect (y = 1,17 =0). The
grey solid line shows the relationship given the flypaper effect estimated in the transactions data (y = 0.25,1 = 0.44). The vertical dotted
line denotes the baseline estimated targeting effect from Appendix E.4. Comparing points C and D indicates that the flypaper effect reduces
the forbearance fiscal cost efficiency from E; = 0.25 to E; = 0.01. Panel (c) plots total spending on forbearance and stimulus checks against
one-month total consumption changes. The vertical line intersection E plots expected government spending if y = 1,1 = 0. Panel (d) plots
repayment term T, on the horizontal axis against the first term in brackets in equation (13) on the vertical axis. The break-even repayment

term is where this line intersects one.
See Section 6 for details.



G Additional tables

Table G.1: Four-week MPX on federal student loans out of forbearance liquidity — Robustness

Outcome / sample split Csfl)(rg:s(;n All Quartile 1 ~ Quartile 2  Quartile 3 ~ Quartile 4
A. Full sample Fed loans, all Yes 0.453
(0.003)

Fed loans, by 2019 pmt  Yes 0.467 0.437 0.441 0.460

(0.012) (0.008) (0.006) (0.46)

Fed loans, by 2019 Yes 0.425 0.402 0.431 0.489

(pmt / income) (0.011) (0.007) (0.006) (0.489)
B. Placebo. Borrowers Private loans, all Yes 0.931
with private loans (0.022)
C. Placebo. Borrowers Private loans, all No 0.869
with only private loans (0.02)
Private loans, all Yes 0.869
(0.02)

Source: Author’s calculations. Each entry gives estimated four-week MPX on federal student loans out of forbearance liquidity using the
methodology described in Section 4.1, with robust standard errors clustered at the borrower level reported in parentheses. The “common
slopes” column indicates whether I restrict 3; = 8, when estimating equation (5). Panel A gives estimates for the full population and
subsamples split by quartiles of total payments on federal student loans in 2019. Panel B restricts to borrowers with both federal and private
student loan debt in repayment, and compares the estimate of four-week MPX on federal student loans out of forbearance liquidity with a
placebo test applying the same methodology to private student loans which were not subject to forbearance. Panel C is the same as Panel B,
except the sample is borrowers with no federal (i.e. only private) student loans.

Table G.2: Four-week MPX out of stimulus checks — Robustness

Outcome Full sample CC debt > 0, CC debt > 0, Private SL debt > 0,
March 2020 Apr-June 2020 June 2020
(Above-median debt)  (Above-median debt)  (Above-median debt)
Federal SL pmts 0.023%** 0.012 0.013 0.027*
(0.003) (0.011) (0.013) (0.013)
Total spending 0.17%** 0.141** 0.116* 0.248**
(0.011) (0.049) (0.05) (0.078)
Broad nondurable 0.072%** 0.086** 0.07* 0.106*
(0.007) (0.032) (0.032) (0.053)
Credit card pmts 0.093** 0.042**
(0.034) (0.016)
Private SL pmts 0.016
(0.015)
Credit card pmts 0.048
(SL MPX = 0) (0.031)
Credit card pmts 0.048%**
(SLMPX=1) (0.015)
Private SL pmts 0.006
(SL MPX = 0) (0.027)
Private SL pmts 0.033*
(SLMPX = 1) (0.017)
N in sample 313,312 14,947 11,290 8,668

Source: Author’s calculations. * p=0.05, ** p=0.01, *** p=0.001. This table replicates Panel B of Table 2, except estimates of the four-week
MPX out of stimulus checks use the estimator described by Borusyak, Jaravel, and Spiess (2024). See Appendix Section C.3 for methodological
details, and section 3.1 for descriptions of expenditure category construction.
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Table G.3: Four-week MPX out of first round stimulus payments, prepayers before stimulus
checks arrive

Sample: Pre-April 15 pay

Total spending 0.16%%%
(0.023)

Broad nondurable 0.079%**
(0.013)

N 62,267

Source: Author’s calculations. * p=0.05, ** p=0.01, *** p=0.001. This table reports estimated four-week MPX on April 2020 stimulus checks
using the methodology described in Section 4.1. The sample is restricted to borrowers who make a payment on federal student loans before
stimulus checks are received on April 15. Each entry reports {iy;px % 30 from a separate regression of the form in specification (6), with rows
indicating outcome variables and columns indicating estimation sample. Robust standard errors clustered at the borrower level are reported
in parentheses. See section 3.1 for detailed descriptions of expenditure category construction.

Table G.4: Four-week spending MPX, stimulus vs. student loan forbearance, Federal-private
mix natural experiment

C. Federal-private mix

Spending Total Broad nondurable

Liquidity source and measurement

Stimulus checks 0.177%%** 0.052
(0.01) (0.03)

Forbearance: Paid off borrowers 0.004 -0.009
(Month 1) (0.024) (0.018)
Implied expenditure out of 0.022%** 0.011
forbearance cash-on-hand [0.002,0.117] [-0.023,0.04]
Forbearance: Paid off borrowers -0.008 -0.024
(Month 2) (0.021) (0.017)
Implied expenditure out of -0.002 -0.02
forbearance cash-on-hand [-0.046,0.074] [-0.071,-0.001]
Forbearance: Semi-structural 0.113*** 0.08***

[0.083,0.155] [0.065,0.104]
N 285,663 285,663

Source: Author’s calculations. * p=0.05, ** p=0.01, *** p=0.001. Each entry reports a four-week MPX out of either the first round of stimulus
payments or student loan forbearance, with robust standard errors clustered at the borrower level in parentheses below. Rows indicate both
the liquidity source (stimulus payments or student loan forbearance) and the estimation strategy (semi-structural and the federal-private mix
natural experiment). Panel A gives the four-week total spending MPX, and Panel B gives the four-week broad nondurable spending MPX.
Semi-structural standard errors and hypothesis tests are computed via bootstrap; I report the standard deviation of the estimate from 150
bootstraps, and calculate p-values by inverting the largest 1 — a/2-level confidence interval that does not contain zero. Note that the row
labeled “N” refers to the number of borrowers included in the estimated average treatment effect, which may be smaller than the number of
borrowers in the regressions used for natural experiment exercises. See section C.7 for details on estimation, and see section 3.1 for detailed
descriptions of expenditure category construction.
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Table G.5: Four-week spending MPX, stimulus vs. student loan forbearance, miscellaneous

robustness
A. Paid off borrowers B. Full sample C. Federal-private mix
. Broad Broad Broad
Spending Toral nondurable Total nondurable Total nondurable
Analysis
Stimulus check MPX: 0.15%** 0.069%*** 0.17%** 0.072%** 0.168%*** 0.069%**
imputation estimator (0.017) (0.011) (0.011) (0.007) (0.012) (0.008)
Semi-structural MPX: 0.126%** 0.071%** 0.109%** 0.057%** 0.11%%* 0.058%**
Nonlinear OLS estimates  [0.105, 0.146]  [0.059, 0.083]  [0.096,0.121]  [0.05,0.066]  [0.096, 0.124]  [0.05, 0.066]
Semi-structural MPX: 0.106%** 0.049%** 0.091%** 0.038%** 0.082%** 0.038%**
imputation estimator [0.069,0.139] [0.028,0.073] [0.069,0.113] [0.024, 0.052] [0.06, 0.104] [0.024, 0.052]
N 130,144 130,144 313,312 313,312 285,663 285,663

Source: Author’s calculations. * p=0.05, ** p=0.01, *** p=0.001. Each entry reports a four-week MPX out of either the first round of
stimulus payments or student loan forbearance, with robust standard errors clustered at the borrower level in parentheses, and bootstrapped
95% confidence intervals from 1,000 draws in brackets, as relevant. Rows indicate liquidity source (stimulus checks or forbearance) and
details about estimation strategy. Columns indicate sample and spending outcome variables. Rows titled with “imputation estimator” refer
to the estimator described in Borusyak, Jaravel, and Spiess (2024). See section C.8 for details on estimation, and see section 3.1 for detailed
descriptions of expenditure category construction.

Table G.6: Survey: Debt repayment mistakes, non-fungibility, and demographics.

| Mean  SE of mean
Has federal student debt, March 2020 .904 .0105
Continued federal pmts | has federal debt March 2020 315 .0173
Continued pmts | pmts required in Feb 2020 .37 .0223
Used stimulus for fed loans | continued pmts + got check .208 .0323
CC debt in March 2020 | continued pmts 477 .038
Interest-bearing debt March 2020 | continued pmts .705 .0348
Used stimulus to repay non-federal debt | continued pmts .302 .0365
Used stimulus to repay non-federal debt | continued pmts + has debt + got check .333 .0412
Used stimulus to repay CC debt | continued pmts + has cc debt + got check .348 .0508
Age 36.4 1.18
Income<50k .323 .0166
Income 50-100k 372 .0171
Income>100k .305 .0163
Household size 2.61 .0517
Count | 798

Source: Supplemental student borrower survey / author’s calculations. The table presents survey summary statistics. The second row
conditions on borrowers who say they have outstanding federal debt in March 2020. The third row conditions on borrowers who say they
have outstanding federal debt in March 2020, excluding borrowers who report that they were still in school, were in a grace period, were in
deferment or forbearance, or did not have student loans as of February 2020. The remaining “continued pmts” conditions condition on this
second form of continuing payments.
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Table G.7: Survey: Student loan payment method by student loan payment in forbearance.

| No Yes Difference  p-value Total
Pay manually online | ever made pmts 496 .506 -.00978 .844 .5
Pay via autopay with servicer | ever made pmts .298 .282 .0168 71 291
Pay via autopay with bank | ever made pmts .185 241 -.0559 .165 .209
Pay via mail by check | ever made pmts .0161 .0345 -.0184 223 .0237
Pay via other method | ever made pmts .0242  .0115 .0127 .348 .019
N | 296 174 . . 470

Source: Student borrower survey. The table presents survey responses to program familiarity and financial sophistication questions. The “No”
and “Yes” columns gives means for borrowers who stop and do not stop making payments after forbearance begins, the “Difference” column
gives the difference in means, the “p-value” column reports the p-value of a t-test of equivalent means, and the “Total” column gives pooled
full sample means. The table displays the fraction of borrowers who use each method to pay their student loans. The table conditions on
borrowers who do not answer to this question that they never make regular payments.

Table G.8: Survey: Justifications for student loan payments in forbearance, detail

| Mean
Used stimulus to prepay federal loan | 0% interest justification 222
Used stimulus to prepay federal loan | self control justification 2
Used stimulus to prepay federal loan | always repay debt justification 213
Used stimulus to repay debt | always repay debt justification .394
Autopay with servicer | hassle justification 4
Count | 174

Source: Student borrower survey. Rows 1 and 2 report the fraction of respondents who justified their repayment behavior for 0% interest or
self control reasons who also used their stimulus checks to repay student debt. Row 3 reports the fraction of respondents who justified their
repayment behavior due to the hassle of stopping and restarting who said they made payments via autopay with their student loan servicer.

Table G.9: Survey: Framing x interest rate experimental results (main)

@® @ 3 4 ©) ©)
VARIABLES SL repay SL repay SL repay SL repay SL repay SL repay
Cue category = 1, Student borrowers 0.0244 0.0502** -0.00487
(0.0150) (0.0209) (0.0213)
SL interest rate = 1, 7% -0.00573 -0.00839 -0.00174
(0.0151) (0.0209) (0.0213)
Constant 0.0756***  0.0907***  0.0845***  0.113***  0.0643*** 0.0627***
(0.00966) (0.0108) (0.0123) (0.0150) (0.0153) (0.0152)
Observations 798 798 439 439 359 359
R-squared 0.003 0.000 0.013 0.000 0.000 0.000
Sample Full Full Mistake Mistake ~ No mistake = No mistake

Source: Student borrower survey. This table presents regression results from a framing experiment. Borrowers were asked how they would
spend a $300 stimulus check over the course of a year, given large outstanding student loan and credit card balances. Stimulus was framed as
a transfer to either all US households or student borrowers, and the interest rate on student debt was quoted at either 0% or 7%. Participants
were cross-randomized across these four experimental conditions. The table reports the effect of the student borrower framing (first row) and
the 7% interest rate (second row) treatment conditions on student loan repayment as a fraction of the total transfer. The first two columns
show results for the full sample. The second two columns show results for the sample of borrowers who make a credit card repayment mistake
in a separate financial sophistication screen. The third two columns show results for the sample of borrowers who continue to make payments
on their federal student debt after forbearance begins. All regressions were pre-registered.
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Table G.11: Calibration: Estimating E[p;L;]

Estimated E[p;]  Estimated Pr(x; € k)-E[p;|x; €k] Estimated u;,  Estimated Pr(x; € k) - uy - E[p;|x; € k]

Proxied liquidity quintile

1 311.376 0.186 0.221%** 0.041
(0.024)

2 275.897 0.165 0.139%** 0.023
(0.02)

3 314.551 0.188 0.176%** 0.033
(0.019)

4 368.441 0.221 0.155%** 0.034
(0.023)

5 399.714 0.239 0.12%** 0.029
(0.027)

Elp;L;] 0.16

Source: Author’s calculations. This table presents calculations used to estimate E[p;L;] in Appendix Section E.4.1. Rows indicate proxied
liquidity quintile, where proxied liquidity is the ratio between net savings in March 2020 and total 2019 income. The first column reports
the average student loan payments used to calculate liquidity from forbearance within each liquidity quintile. The second column normalizes
liquidity from forbearance by total transfers assuming a unit mass of borrowers. The third column reports the estimated one-month MPX out
of stimulus check liquidity for each liquidity quintile, along with robust standard errors clustered at the person level in parentheses. The final
column takes the product of the second and third columns, with results summed in the final row.

Table G.12: Calibration: Nonparametric bounds for E[p;L;]

Panel A.
Variable Estimate
Pr(w; >0) 0.662
E[L;|w; > 0] 0.174
Elp;i|1—G(p;lw; =0) < E[L;|w; > 0]] 3.507
E[p;Li|w; > 0] 0.118
E[p;L;] lower bound 0.078
E[p;L;] upper bound 0.284
k lower bound 0.448
K upper bound 1.633
K point estimate 0.921

Panel B.
K 0.448 0.921 1.633
Ey, assuming 1= =1 0.03 0.25 0.57
Ey, assuming 1= = 0.45 -0.08  0.01 0.16
Pct increase in stimulus package cost 4.0% 12.3% 24.9%
Pct increase in stimulus checks 11.7%  20.7% 31.9%
Number of months change in break-even term  -28.8 -63.7 -128.6
Pct change in break-even term -57.6%  -58.3% -60.3%

Source: Author’s calculations. This table presents calculations used to estimate E[p;L;] in Appendix Section E.4.2. Panel A presents quantities
used to estimate the upper and lower bound for xk = g{ﬁ‘i‘ %

B shows how the range of admissible x impact the quantities cited in the two calibration exercises from Section 6.

using equation (E.16), along with the estimated upper and lower bound. Panel
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Table G.13: Calibration: Allowing correlation between 7; and p;, L;

Variable Value
E[x] 0.47

E[(1—mn)piL;] 0.107
E[(1 —n)pi] 0.706
E; 0.014
Pct increase in stimulus package cost 0.123
Pct increase in stimulus check size 0.164

Number of months change in break-even term  -64.5
Pct change in break-even term -0.586

Source: Author’s calculations. This table presents results from Appendix Section E.5. The top half of the table reports key objects estimated
or calibrated in that section. The bottom half reports implications for total stimulus package costs, the size of stimulus checks, and the impact
on the break-even forbearance term.
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