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Abstract

Pawn loans offer borrowers a substantial degree of repayment flexibility in ex-
change for a harsh penalty in case of default: forfeit of collateral worth more than
the loan amount along with any payments made toward recovery. Using a large RCT
conducted in Mexico City, we document key stylized facts about pawn lending and
explore the merits of replacing flexibility with structured repayment contracts in
this important but understudied form of credit. Our novel experimental design in-
cludes a mandatory frequent-payments arm, a (status quo) flexible payments arm,
and a choice between the two. This design point-identifies not only the average
treatment effect, but also the effects of treatment on the treated and the untreated
along with the average selection on gains, allowing a rigorous study of mandates
versus choice. Although the average treatment effect of assigning borrowers to
structured payments is a 19% decrease in their financial cost and a 17.5% increase
in the probability that they will recover their pawn, only 11% of borrowers choose
structured repayment contracts voluntarily. We show that structured repayment
benefits nearly all borrowers, including those who would not freely choose it, and
find no evidence of selection on gains.
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1 Introduction

Pawn lending is one of the oldest and most prevalent forms of credit in the world (Carter
& Skiba 2012)). Pawn loans are typically small and short-term. They involve no credit
checks or proof of income, and are widely used by people without access to other forms of
credit. Borrowers surrender highly liquid collateral as the pawn, typically gold, in return
for a loan that is substantially smaller than the value of their pawn. Pawn loans are
highly flexible: there are no scheduled payments or prepayment penalties, and interest
is charged only on the outstanding balance. But this flexibility comes at a cost. Unlike
mortgage lenders, who recover only the outstanding loan balance in foreclosure, pawn
lenders keep the collateral’s full value in default. Borrowers also forfeit any payments
already made. Pawn lending operates at substantial scale worldwide. In the US, more
than 11,000 shops serve 30 million clients with $14 billion in yearly revenues; in China,
pawn lending is a $43 billion industry/[]

In Mexico, where our study takes place, the scale of pawn lending rivals that of
microfinance| In spite of this, pawnshops have received little attention in the literature
to date.

Pawn loans differ from conventional credit in a number of important ways. First, pawn
loans have extremely high default rates: 44% of loans made by our partner lender are not
repaid, and 29% of defaulters make payments before they default—Ilosing this money along
with their collateral. Second, lender profits are higher under default than repayment. An
industry standard contract in Mexico City lends 70% of the value of gold collateral at
an interest rate of 7% per month (compounded daily) for three months. Because gold is
highly liquid, the profit from a borrower who defaults is 43% of the loan amount compared
to 22.5% in interest if a loan is paid in full on the last day. Third, pawn borrowers are
typically economically vulnerable and in our context are also naively optimistic: borrowers
in our sample report a subjective probability of repayment that averages 92%. The high
degree of flexibility in these contracts would benefit borrowers if they were neoclassical
agents, but the prevalence of costly default that hurts apparently naive borrowers but
benefits lenders raises concerns about borrower welfare. Lending modalities with lower
default rates, such as microfinance, typically rely on highly structured repayment.

This paper asks whether structured payments can help pawnshop borrowers avoid
default. To do so, we implement a unique multi-armed experiment covering around 4,500
pawnshop clients across six of our partner lender’s Mexico City branches. Borrowers in
the Control arm received the status quo pawn contract, described above, allowing us

to document payment trajectories and default under standard pawn contracts. In con-

ISection |2| provides the relevant sources for these statistics.

2During the past three years a single large lender in Mexico made over 4 million loans to more than
a million clients, compared to a total of 2.3 million microfinance clients in all of Mexico during 2009
(Pedrozal [2010).



trast, borrowers in the “Structured payments” arm were required to make three monthly
installment payments, each including the accrued interest at that time. These borrow-
ers faced a fee of 2% of that month’s installment if the payment was delinquent. The
fee could only be collected from borrowers who ultimately repaid their loans. Finally,
borrowers in the “Choice” arm were allowed to choose between the Standard and Struc-
tured payments contracts. By juxtaposing mandatory contract assignment and choice,
this design allows us to go beyond the average treatment effect (ATE) and point identify
treatment effects separately for borrowers who would voluntarily choose structured pay-
ments (choosers) and those who would not (non-choosers). This allows us to answer a
fundamental question: do the “right borrowers” choose structured payments?

Our experimental design, the “Mandates versus Choice” design, involves three com-
parisons. First, comparing the Structured payments and Control arms gives the ATE
of structured payments: this comparison constitutes a standard randomized experiment
with full compliance. A comparison of the Choice and Control arms, on the other hand,
can be viewed as an experiment with one-sided non-compliance: assignment to the Choice
arm exogenously shifts some borrowers (the choosers) into structured payments, since no
one in the Control arm is treated. A comparison of the Choice and Structured payments
arms can be viewed as a second experiment with one-sided non-compliance: assignment
to the Structured payments arm exogenously shifts some borrowers (the non-choosers)
into structured payments, since everyone in the Structured payments arm is treated. Un-
der an exclusion restriction, we can apply standard instrumental variables logic to our
latter two comparisons. The Choice versus Control comparison identifies the effect of
treatment on the treated (TOT), while the Structured payments versus Choice compar-
ison identifies the effect of treatment on the untreated (TUT). This single experiment
thus reveals the selection on gains (TOT—TUT) as well as the magnitude of impacts
among non-choosers—the keys to understanding when voluntary policies suffice versus
when mandates might be justified.

Our ATE results show that mandatory structured payments are strongly effective in
lowering financial costs to borrowers and preventing default in pawnshop lending. The
average borrower in the Structured payments arm is 7.7 percentage points less likely to
default (17.5% of the mean), and pays financing costs inclusive of fees that are 19% lower
than the control. In short, structured payments save borrowers money by charging them
fees. The mechanism by which our monthly payment contract achieves these cost savings
is intriguing: not only does it improve repayment and speed up the pace of payments on
average, but it also decreases the amount of money paid by borrowers who ultimately
default. While borrowers in the Structured payments arm are 6 percentage points more
likely to borrow again from the same lender, a back-of-the-envelope calculation suggests

that the structured payments contract nevertheless lowers lender profits by 14% per



borrower. It is thus unsurprising that structured payments contracts were unavailable in
Mexico City pawnshops outside of our experiment: lenders profit from default[]

Despite these large financial cost savings, only 11% of borrowers in the Choice arm
choose structured payments. Does this low take-up reflect efficient selection into treatment—
where “choosers” are the only borrowers who benefit from structure despite the large
ATE? Our estimated TUT effects suggest that the answer is no. The causal effect for
non-choosers is nearly as large as the ATE: structure lowers their financial costs by 192
pesos, a 6.8 percentage point reduction in cost as a proportion of the loan. We find no
evidence of selection on gains.

Could our average TUT effect mask substantial heterogeneity, with some non-choosers
validating their choice by being harmed by structure? We explore this question using two
approaches. First, non-parametric bounds on the distribution of individual treatment
effects, following [Fan & Park| (2010), show that at least 29% of borrowers benefit—
almost three times the 11% who chose structure. Second, causal forest estimates using
baseline survey data, following the approach of Athey et al.| (2019), reveal that only 1% of
borrowers in our sample have negative estimated conditional TUT effects. It is difficult to
identify groups who would experience higher financial costs under mandatory structure,
even among non-choosers, deepening the puzzle of low take-up.

So why do borrowers seem to be leaving money on the table? One explanation could
be impatience: a sufficiently impatient borrower might prefer the status quo contract
despite its higher probability of default. We find, however, that implausibly large discount
rates (over 1000%) would be needed to rationalize this preference. This motivates us to
explore two behavioral mechanisms: present bias and overconfidence. Using measures
from our baseline survey, we find that neither mechanism predicts take-up of structured
payments, but subjective certainty about pawn recovery predicts the strength of the
TUT effect. To better understand this finding, we provide a simple model illustrating
how the state-contingent features of the structured payments contract could interact
with overconfidence to generate heterogeneous TUT effects in the face of low take-up.
While we cannot definitively identify the mechanism behind the mandate-choice gap
that we document in our experiment, our results suggest that overconfident borrowers
are unwilling to use a tool designed to prevent default because they incorrectly believe
that they are not at risk. We discuss this interpretation in light of the existing literature,
along with limitations of our present-bias measure and the potential relationship between
overconfidence and present bias (Allcott et al., 2022).

We make several contributions to the literature. First, as far as we are aware, ours is
the first paper to simultaneously identify both TOT and TUT effects in a single experi-

ment, without the need for auxiliary structural modeling assumptions. Our three-armed

3Unlike most pawn lenders, our partner operates as a non-profit, donating all of their earnings to
philanthropic causes.



experimental design also identifies the average selection on gains, average selection bias
(ASB)-the difference in untreated potential outcomes for choosers versus non-choosers—
and the average selection on levels (ASL)-the analogous comparison for treated potential
outcomes. Our design is new to the literature. Like us, [Fowlie et al| (2021)) employs
a one-stage, three-armed experimental design. Because they identify two TOT effects
for different treated groups, however, rather than a TUT and TOT effect, their design
cannot speak to the question of selection on gains. The two-stage designs of Karlan &
Zinman| (2009) and Beaman et al. (2023)) likewise do not identify TUT effects.

The Mandates versus Choice design could be useful in other circumstances where
researchers aim to test whether self-selection is efficient: whether the “right people”™—
those who would benefit most—choose treatment. This question arises when designing
educational interventions (mandatory versus optional homework assignments), employer-
provided retirement plans (opt-in or automatic enrollment), and when studying adherence
to medical treatments. By point-identifying both the TUT and TOT effects, our design
directly addresses the question of how treatment effect heterogeneity relates to real-world
compliance decisions.

Second, we contribute to the relatively small literature on paternalism and selection-
on-gains. |Laibson (2018)) studies private paternalism from a theoretical perspective and
explains how principals may conceal commitment features that agents need but do not
demand. Our results suggest that this picture may be inverted in the upside-down world
of pawn lending: principals provide unstructured contracts that induce default, though
borrowers would benefit from more structure. Relatedly, |[Heidhues & Koszegi (2010)
present a model where lenders design a contract that “is flexible in a way that induces
the borrower to unexpectedly change her mind regarding how she repays”, resulting in
postponed payments, higher financial costs, and lower welfare. On the empirical side,
Sadoff et al|(2019) show that individuals with the most time-inconsistent preferences are
the least likely to demand commitment. Our papers are complementary; while they design
the experiment to identify one particular mechanism generating low take-up, our design
focuses on quantifying treatment effects for choosers and non-choosers. We measure
the financial benefits that non-choosers forgo while remaining largely agnostic on the
mechanism. Relatedly, whereas Walters (2018]) combines a distance-based instrument
with structural modeling assumptions to show that students who select into more effective
schools have smaller treatment effects (TOT < TUT), we identify TUT and TOT effects
without the need for a structural model.

Third, our paper provides a detailed picture of pawn lending, a widespread and impor-
tant financial service that has received little scholarly attention despite its prevalence and

impact on economically vulnerable borrowersﬁ Oeltjen! (1991)) gives a history of pawn

4Caskey! (1991) complained that “economists have produced hundreds of theoretical and empirical
studies of banks while completely ignoring pawnshops”, which, according to him, are used by 10% of



lending, while Caskey (1991) and Bos et al| (2012) describe the industry in the US and
Sweden. None of these papers estimates effects of contractual features on pawn lending
outcomes. An older literature considers the exploitative potential of over-collateralization
(Basu, [1984), but the behavioral implications of such contracts remain largely unexplored.

Fourth, we contribute to the literature on the effects of structure and plans by showing
that payment structure works even with modest fees (Nickerson & Rogers, 2010; Milkman
et al., 2011}, 2013). Consistent with [Beshears et al. (2016)), a modest fee could circumvent
limited attention, set a reference point or a mental goal, fight forgetfulness, serve as a
recommendation to act, or increase the salience of deadlines.

Fifth, our paper contributes to a large literature on commitment devices: our Struc-
tured payments arm adds commitment features to an already high-interest loan. (Carrera
et al. (2022) lists 14 penalty-based commitment studies, and finds take-up rates ranging
from 11% to 73%, with an average of 22%. Our 11% take-up rate is at the low end of
this range| Unlike existing commitment studies, we estimate the effects of structure
separately for borrowers who would and would not choose it. (Carrera et al.| (2022) docu-
ments over-optimism in people’s gym attendance and low correlation between measured
present bias and commitment take-up, both of which are consonant with our findings.
Allcott et al.| (2022) study payday loans, finding that inexperienced borrowers are overly
optimistic about their likelihood of avoiding future borrowing while experienced borrow-
ers are not. In contrast, we find that inexperience with pawn lending does not predict
overconfidence fl

Finally, we contribute to a growing literature on the effects of payment frequency
in lending. In the context of microfinance, (Field & Pande, 2008)) find no effects from
frequent repayment schemes on loan default. Other studies find that increasing repayment
flexibility in microfinance (by giving grace periods to pay or options to delay payment)
improves business performance (McIntosh, 2008; [Field et al., [2013; Barboni & Agarwal,
2023; Battaglia et al.,2023)). Our experiment, in contrast, highlights some of the dangers
of flexibility in the context of overcollateralized pawn lending. See Bernstein & Koudijs
(2024)); Vihriala (2023) for studies of payment structure in mortgage lending.

The remainder of the paper is organized as follows. Section [2| provides background on
pawn lending and defines our main outcome variables. Section |3|describes our experiment
and data sources, and shows pre-treatment balance across arms. Section [4] formally

presents the Mandates versus Choice design and establishes identification of treatment

Americans. Bos et al| (2012)) write that “while controversy surrounds payday loans, pawnshops have
stayed out of public scrutiny”.
5| Ashraf et al.| (2006),|Giné et al.|(2010), Bai et al.|(2021), Royer et al|(2015), Sadoff et al. (2019)) find
modest take-up of commitment, similar to our results, while Kaur et al.| (2015)), |(Casaburi & Macchiavello
(2019), |Schilbach (2019)), | Tarozzi et al.| (2009), and [Dupas & Robinson| (2013 find more robust take-up.
®In an OLS regression of overconfidence on an indicator for “has pawned before”, the slope is 0.009
with a s.e. of (0.02).



effects for choosers (TOT) and non-choosers (TUT), along with average selection on gains
and related selection measures. Section [5| presents average treatment effects on financial
costs and their components, then applies the Mandates versus Choice design to identify
treatment effects for choosers and non-choosers and test for selection on gains. Section
[6] explores heterogeneity in TUT effects, using partial identification bounds and causal
forests to assess whether the positive average effect masks potential harm to some non-
choosers. Section (7| explores potential behavioral mechanisms for our TUT effects, and

Section [§ concludes.

2 Context

2.1 Pawnshop borrowing

Pawn loans involve individuals leaving valuable liquid assets, typically jewelry, as collat-
eral in exchange for an immediate cash loan. The collateral is typically more valuable
than the loan amount, allowing lenders to give the loan immediately without checking
a borrower’s credit history. This makes pawn loans a popular way to get cash to pay
for emergencies. In fact, they are one of the most prevalent forms of borrowing. There
are more than 11,000 pawnshops across the US, with 30 million clients and $14 billion in
yearly revenues[] Our partner pawn lender in Mexico alone served more than 1 million
clients in the last 3 years with more than 4 million contracts. For comparison there were
2.3 million microfinance clients across all lenders in Mexico in 2009 (Pedrozal, 2010).
Pawning is also one of the oldest forms of borrowing. Pawn lending existed in antiquity
at least since the Roman Empire, and there are records of it in China about 1,500 years
ago (Gregg), 2016). In spite of its prevalence and long history, pawnshop borrowing has not
received much attention in the economics literature. The closest widely studied product
is payday lending. In developing countries, however, payday lending is arguably less
important than pawnshop lending; the latter is faster and requires less documentation,
making it more accessible to informal sector workers who receive their salaries in cash.
To situate pawn loans relative to other, more widely studied credit products, it is
useful to highlight their distinctive institutional features. While pawn loans often serve
different clientele than credit cards (Caskey, 1991; Bos et al., 2012)), they share some
of their flexibility. Unlike credit cards and most lines of credit, however, pawn loans
do not impose minimum payments. Pawn loans also differ from payday loans. Payday
contracts typically impose short repayment deadlines (the next pay date), rollover fees,

and default consequences such as collections and credit reporting. Pawn contracts, in

"See the website for the National Pawnbrokers Association (https://tinyurl.com/ybm56dpe), infor-
mation on the items pawned by Americans (https://tinyurl.com/y9zdcgws), and a Bloomberg article on
regulation of the pawn industry in China (https://tinyurl.com/y59ptdam).
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contrast, provide a true walk-away default option. These contractual differences translate
into sharply different default outcomes. |Allcott et al.|(2022) finds that only 3% of payday
loans end in default, whereas 44% of pawn loans in our sample do. Microfinance loans
typically require frequent installments, often weekly or monthly; pawn loans impose no
such structured repayment schedule. This repayment flexibility likely contributes to pawn
loans’ substantially higher default rates relative to both payday lending and microfinance.
Finally, unlike other overcollateralized loans such as mortgages, pawn loans are non-
recourse: if the borrower defaults, the lender retains both the pledged collateral and any
partial payments already made.

Like payday lending, pawnshop lending is controversial (Carter & Skiba, [2012). Regu-
lators worry that borrowers using these products may lack financial sophistication, leading
them to make suboptimal choices—biases that contract design may exacerbate. Evidence
of such concerns exists for payday borrowers, but the pawn lending industry has received

little empirical scrutiny despite serving similar clientele]

2.2 Pawning Logistics and Contracts

To fill this gap in the literature, we partnered with one of the largest pawn lenders in
Mexico, an institution with more than one hundred branches spanning multiple states.

This lender (whom we refer to as “Lender P”) has a simple and typical business model.

Appraising and Lending. Lender P takes gold jewelry as collateral in exchange for a
fraction of the value of the piece, in cash. No other collateral and no credit history checks
are required. The transaction takes less than 10 minutes and is conducted at the branch
in person between the client and the appraiser (i.e. a teller). The appraiser weighs the
gold piece and runs tests on its purity. Based on these tests, she assigns a gold value to
the piece, stores it as collateral, and gives the client 70% of the gold value in cash. The
borrower signs a 2-page contract with the conditions of the loan, receives a pawn receipt

with amounts owed and date the loan is due, and leaves with the cash.

Status Quo Contract Before our experiment, Lender P had only one type of contract,
henceforth the status quo contract. The interest rate was 7% per month compounded daily
on the outstanding amount of the loan. The loan had a 90-day term with a 15-day grace
period. The client was free to make early payments at the branch at any time with no

penalty, but these prepayments were not required. Under this status quo contract, there

8The US Congress has banned payday lenders from serving active military personnel, and some
states have banned the industry altogether (Stegman), 2007)). Bertrand & Morse (2011) find that simply
disclosing how financing costs accumulate reduced payday loan demand by 11%, suggesting borrow-
ers underestimate total costs. |Melzer| (2011) finds that payday loan access increases difficulty paying
mortgage, rent, and utility bills.



were no payment reminders or any other kind of interim contact between the lender and
the borrower. Internal lender rules allocated payments first to interest and fees owed, and
to capital only after the first had been covered. If the client returned to pay the principal
plus the accumulated interest within 105 days, she recovered her pawn; otherwise the
pawnbroker kept the piece and any payments already made. Before the contract expired,
the client had the right to renew for another three months by going to the pawnshop,
paying the accumulated interest, and signing a new contract with exactly the same terms
and the same piece as the original contract (38% of borrowers renewed at least once with
a given pawn). This contract was standard in the industry. Pawnshops make money
in three ways: by reselling the jewelry left as collateral on defaulted loans, by charging

interest on non-defaulted loans, and by keeping the payments made on defaulted loans.

2.3 Measuring Borrowers’ Financial Costs

Borrowers’ financial costs have three main components: the value of lost collateral on
defaulted loans, interest charges, and penalty fees. For each loan in our sample, we
record whether the client lost her pawn, ]l(Defaulti).ﬂ Our administrative data records
all payments made by borrowers, classified according to Lender P’s payment allocation
rules: payments to principal P¢, payments on interest P!, and payments on penalty fees
PY. We observe the amount and date of each payment in all three categories.

We define a borrower’s financial cost as the total monetary outflow—in cash or pawn
value—from the borrower to the lender. This includes all payments the borrower made
toward interest and fees, but also the net difference between the appraised value of the
pawn and the loan amount (Value — Loan) in the event of default. When there is no
default, the borrower recovers her pawn and there is no loss of value for the borrower.
Payments toward capital are considered a cost only when the borrower defaults, as she
is not reimbursed for these payments. Note, however, that when she does not default,
payments to capital net to zero against the initial loan disbursement. The formula for

financial cost for person ¢ is thus as follows:
Financial Cost; =Y Py + > _ Py + 1(Default;) x (Valuei — Loan; + » Pf)
¢ t t
where ¢ indexes days, and 1(Default;) is the indicator of default. Because the period of

the loan is only 90 days, we do not apply discounting in calculating costs. In robustness

checks reported below we show that our results are virtually unchanged when applying

9In our experiment, 13% of loans are ongoing at the end of our observation window. For our main
results in Section we classify these loans as not having defaulted. As explained below, this approach
is conservative in our context: it biases treatment effects toward zero. Online Appendix Table
presents results under alternative assumptions on outstanding loans.



a wide range of time discounting factors/”

As a second measure of cost we calculate the Cost Ratio (CR): financial cost divided
by loan size, representing the fraction of borrowed capital paid in costs. We report costs
as levels and ratios rather than annualized rates. There is no standard approach to
annualizing total costs in our setting that would not inappropriately conflate interest and
fees (a flow that accumulates with loan duration) and collateral losses in default (a stock

reflecting the initial loan-to-value gap that does not vary with the default date).E

3 Experiment, Data and Stylized Facts

3.1 Treatment arms and randomization

The Structured contract. For the experiment, we designed a structured payments
contract informed by micro-lending practices (Morduch| |1999; Bauer et al., 2012)). The
contract is identical to the status quo in most respects: it has the same interest rate (7%
per month), the same loan size/collateral ratio (70%), the same loan term (90 days with
a 15-day grace period), and the same appraisal procedures. The key difference is that
the structured payments contract requires three equal monthly payments covering both
principal and interest, due on days 30, 60, and 90 after loan disbursement. Payment
deadlines were clearly specified in the contract and on payment receipts. To make these
deadlines salient, borrowers who missed a monthly payment incurred a modest late fee
equal to 2% of the payment due['?] The fee and its enforcement by the lender may serve
as a commitment device. The payment schedule may also encourage borrowers to form
a mental payment plan["]

To measure demand for structured payments, we include a Choice arm in which
borrowers can opt into the structured contract. The combination of mandatory and
voluntary structured payment arms is essential for identifying the range of treatment
effects we describe in the next section.

10 Additional robustness checks discussed in Section and Online Appendix Table below in-
corporate: (i) borrowers’ subjective valuations of their pawns in place of appraised gold value, (ii) travel
expenses and opportunity cost of time for in-person payments, and (iii) the liquidity cost of prepayments.

" Two borrowers who default on loans with identical collateral incur identical collateral losses regardless
of whether one defaults sooner than the other. Both have effectively “sold their pawn” on the day when
they signed their loan agreements.

12The fee was modest and intended to make the payment deadlines salient; however, it may induce
additional psychological default costs. As a benchmark, the transportation cost to visit the branch to
make a payment is comparable to the fee, on average. The level of the fee resulted from discussion and
focus groups. Too large a fee could generate illiquidity and hurt borrowers who only partially adhere
(John| 2020} Bai et al., 2021} Beshears et al., 2025; |Giné et al., |2010).

*In other domains (e.g., Beshears et all [2016]) it has been shown that such plans can circumvent
limited attention, set a reference point, and be a cue to act.

10



Treatment Arms. Borrowers were randomized at the branch-day level to one of the

three treatment arms:

1. Control arm: borrowers were offered only the status quo contract.

2. Mandatory structured payments arm: borrowers were required to use the structured

payment contract.

3. Choice arm: borrowers could choose between the structured payments contract and

the status quo contract.

Figure 1: Experiment description

Timeline
8/2/2012 6 Branches in Mexico City selected to be part of study
9/10/2012 Experimental Phase :Random assignment begins at branch/day
L I * *
Mandatory structure Control
v i v v v
P Mandatory Choice Status-quo
R Branch-Days 81 94 85
= Loans 1954 2580 1770
=
§ Loan's surveys 1469 1982 1386
Borrowers 1424 1791 1228
Ll Borrower's surveys 1130 1442 993
YyYyYyYvy
12/21/2012 Experiment ends - All arms switched to status-quo
.
¥ 8/13/2013 End of observation period

Randomization. We implemented the experiment in six branches of Lender P begin-
ning on September 9, 2012. The branches were selected by Lender P to be dispersed
across Mexico City and have varying sizes. In four of them the experiment ran for 102
days; in 2 of them it ran for a shorter time to economize on data collection costs. Branches
are more than 5 km apart from each other, and there is no substitution between them;
no borrower appeared at more than one of our study branches.

Each day, a computer randomly assigned which contract would be available in each
study branch, and the branch IT system could only offer the assigned contract. We did

not allocate an equal number of days across arms, since we were interested in having

11



more power in some of them. We allocated 84 branch-days to control, 80 to mandated
structured payments, and 93 to choice. See Figure [1| for a CONSORT (Consolidated
Standards of Reporting Trials) diagram of the study design and recruitment. The study
was designed in 2012 before pre-registration was common in Economics, and hence does
not have a pre-analysis plan.

Branch personnel did not know the daily treatment assignment or the study’s objec-
tive. They were told that there were 3 different “types of contract-days,” that the system
assigned randomly each day, and that consecutive days could receive the same contract
assignment. They were also told that this procedure was in effect at several of Lender
P’s branches (they did not know which ones) and would continue for several months.

Some clients pawned on multiple occasions during the experiment: 14% made two
visits to study branches and 8% made three or more visits. To have a clean comparison,
we consider only the first pawn conducted during the experimental window. Moreover,
30% of first pawns involved multiple loans because borrowers submitted two or more
pieces of gold. We treat each piece as a separate loan. In the appendix we show that our

results are robust to this analysis choice.

Promise Arms The experiment included two additional independent arms that in-
volved a personal promise to pay but no pecuniary penalties. In one arm individuals
were asked if they wanted to make such a promise, and in the other they were required
to do so. These were intended to investigate the extent to which personal morality and
promises can drive high-stakes behavior. Both promise arms proved ineffective and so we
do not highlight them here. In the results section we discuss what we can learn from the

fact that the structured payments arm was effective while the promise arms were not.

Timeline. Figure (1| shows the experimental timeline along with the length of time for
which we observe payments. For loans made in the first week of the experiment, we
observe up to 338 subsequent days of loan information; for loans made in the last week
we observe up to 235 days. Figure [1] also illustrates the number of branch-days per arm,

the number of loans, and the number of surveys.

Explaining the Contracts. We devoted substantial effort to helping clients under-
stand the contract terms. First, full-time enumerators explained contract terms to clients.
The explanation took about 3-5 minutes and continued until the client said she under-
stood. Enumerators then asked clients to explain the contract back to them before cor-
recting any misunderstandings. Second, the appraiser gave clients the “Contract Terms
Summary” and read it out loud to them when their piece had been appraised but before

they signed the contract.

12



After the borrower pawned the piece, she received a contract receipt. Those assigned
to the structured payments arm received a receipt indicating the contract terms and
specifying a late payment fee of 2% of the monthly payment amount. The receipt included
a payment calendar with exact dates and amounts due each month (Figure . Those

in the status quo arm received analogous receipts that included only a final payment date.

Appraisers and IT system lockout. The IT system was hard-coded with the treat-
ment assigned to a given branch on a given day; appraisers could not override the system.
For this reason, we can be confident that borrowers in the mandatory arms received their
experimentally-assigned treatments. To further ensure fidelity to the experimental proto-
col, our enumerators were present at each study branch from opening to close of business
on every day of the experiment. They did not report a single instance of appraisers at-
tempting to influence borrowers’ decisions in the choice arm. This is unsurprising: since
appraisers were paid a flat wage independent of the type or number of contracts that
borrowers signed, they had no financial incentive to influence borrowers’ choices. Consis-
tent with this, adding or removing appraiser fixed effects leaves our results unchanged.
We cannot completely exclude the possibility that appraisers subtly influenced decisions
in the choice arm. An advantage of our real-world setting, however, is that it features
the same incentives that would be present in a full-scale implementation. As such, our
results remain relevant for policymakers considering a wider roll-out of voluntary contract

choice.

3.2 Data

Administrative Data. The study exploits two types of data: administrative data from
the lender and a short survey that we implemented. The administrative data contain
a unique identifier for each client, an identifier for the piece she is pawning, and the
transactions relating to that piece. These transactions include the value of the item as
assessed by the appraiser, the amount of money loaned, the date of the pawn transaction,
and the type of contract for that pawn: structured payments or status quo. During the
loan period, we followed each transaction related to that piece in the administrative
data: when payments were made and for what amounts, whether there was default
(i.e. the client lost her pawn), and whether any late-payment fees were imposed. After
each experimental loan, we were able to track subsequent behavior and see whether the
borrower returned for another loan. We have this information for all the pawns that
occurred in the experiment’s 6 branches between August 2, 2012 and August 13, 2013.
This includes all the pawns that took place during our experiment along with those that
originated one month before and eight months after our experiment. The experiment

comprises 6,304 pawns while our administrative data cover a total of 26,180 pawns.
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Survey Data. An additional team of enumerators stationed at the entrance of each
study branch asked clients to complete a 5-minute survey before going to the teller window
to appraise their piece and before they learned which contracts would be available on
that day. The survey allowed us to measure loan take-up: we can identify borrowers who
entered the branch and completed the survey but then decided not to pawn after learning
the contract terms. Only 3% of surveyed individuals declined to borrow, suggesting that
the decision to pawn is made before entering the branch and is insensitive to contract
terms.

The survey was intentionally brief to avoid interfering with branch operations. We col-
lected survey data at the pawn level. Some borrowers completed multiple surveys across
repeated pawns. The survey measured demographics, income and education, present
bias, prior pawn experience, subjective probability of recovery, and subjective valuation
of collateral, among other variables["™] The survey data allow us to explore treatment
effect heterogeneity in Section and behavioral mechanisms in Section [7] For these
sections we link the survey with administrative data, obtaining a 78% survey response
rate for our main sample and balance across arms. Importantly, our core experimental
results from Section [5[ do not depend on survey data, relying only on the administrative

records described above.

3.3 Stylized facts

Borrowers. Borrowers are not inexperienced: 87% of clients in our survey report having
pawned before. However, they are economically vulnerable: 20% of them could not pay
either utility bills or rent in the past 6 months. In terms of triggers and uses of the loan,
89% said they were pawning because of an emergency, and only 12% stated it would be
used for a “non-urgent expense”. When asked why they were pawning, 5% cited a family
member’s death, 11% a medical emergency, and 72% an urgent expense. Borrowers were
predominantly women (73%), with an average age of 43 years. Only 32% had completed

college.

Many borrowers lose their pawn. Default rates are high in our context: 44% of
clients lose their pawn within 230 days of pawning. The default rate for the experimental
period and branches is similar to that observed for all branches in subsequent periods (see
Figure [OA-2)). One potential explanation for high default is that clients are knowingly
selling their gold piece through a pawn contract on which they intend to default. This
appears unlikely both because the reported subjective value of the pawn was larger than
the appraised value for 83% of clients, and because clients could easily sell the gold and

obtain the full value of the pawn at gold-buying stores, which were located close to our

14The complete survey instrument appears in the Online Appendix.
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partner lender’s branches. Branches have an average of 2.8 such shops within a 15-minute
walking distance["”] Given that they would receive only 70% of the pawn’s value at the
lender while shops next door would pay 100%, we consider the “intentional default”

explanation prima facie unlikely.

Paying without recovering. Among those who lost their pawn, 29% paid a positive
amount toward its recovery. On average this subset of borrowers paid 34% of the value
of their loan (see Figure in Appendix). This suggests that they expected to recover

their pawn.

Overconfidence. Our baseline survey asked borrowers for their subjective probability
of recovering the pawn. The average self-assessed recovery probability was 92%. This
contrasts sharply with the actual recovery rate for these same borrowers: 56%. Overall

72% of borrowers reported a 100% probability of repaying their loan[™

3.4 No differential selection or imbalance

The validity of our experimental design depends critically on the absence of differential
selection: borrowers must not selectively avoid the branch on days when certain contracts
are offered. Three pieces of evidence establish that no such selection occurred.

First, Table [1] uses administrative data to show there are no differences in the num-
ber of loans, borrowers, or amount borrowed across arms. Each row corresponds to a
regression of the specified variable against indicators for treatment assignment (Status
quo/control, Structured payment, Choice), with no constant. In the first row, we use
the sample of borrowers who answered the baseline survey to create the binary indi-
cator “loan take-up” that equals 1 if the surveyed borrower proceeded to take a loan.
Because we surveyed potential borrowers before they learned the treatment assignment,
their decision to take a loan should not differ across treatment arms. The overwhelming
majority (96.5%) of those who answered the baseline survey took a loan after learning
the contract terms. This rate is not only high but also virtually identical across treat-
ment arms: 96% in the control arm versus 95% and 96% in the structured payments and
choice arms, respectively. With standard errors close to 1%, we cannot reject equality of
means (p=0.82). These identical take-up rates across treatment arms demonstrate that
borrowers did not differentially select into treatment conditions.

Second, rows 2-4 of Table [I] use administrative data to test whether the average
number of borrowers, pawns per borrower, and pawns per day are the same across ex-

perimental arms. We cannot reject the null hypothesis that they are equal (p-values of

15There are 2.8 shops within a 1.25km radius of the branch on average.
8 Allcott et al.| (2022) find that inexperienced payday borrowers are overconfident about getting out
of debt in the future, but they do not study overconfidence in repaying the current loan.
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0.17, 0.43, and 0.24), indicating that borrowers did not selectively avoid pawning on days
where the structured payments arm or choice arm was assignedm We were particularly
concerned that potential borrowers would leave the branch after hearing that the status
quo contract was unavailable. However, we find little evidence of this: we observe 20.8
borrowers on status quo days (95% CI: 14 to 27) and 22.2 on structured payment days
(CI: 14 to 30). The number of borrowers on choice days is 25.4, one standard error above
the status quo arm. This appears to be due to sampling variability and a few outliers
on choice days. The differences across arms are smaller when we examine medians and
disappear when we winsorize at the 95th percentile. Rows 5-6 of Table [1{ show the same

pattern for loan amounts: we cannot reject equality across arms.

Table 1: No selection across arms

Control Structure Choice p-value

Take-up 0.968 0.955 0.962 0.81
(0.01) (0.01) (0.01)
Number of borrowers 20.8 22.2 25.4 0.17
(3.29) (3.9) (4.89)
median 19 20 21 0.46
Number of pawns/borrower 1.4 1.4 1.4 0.43
(0.08) (0.04) (0.05)
median 1.4 1.3 1.3 0.54
Number of pawns 31 31.3 37.2 0.24
(5.8) (5.6) (7.9)
median 27 28 30 0.43
Amt borrowed/borrower 2266.8 2094 2115.2 0.18
(101.8) (83.7) (99.9)
median  2154.3 2041 2047.5 0.68
Total borrowed 47877 47813 54780 0.4
(8005) (9436) (12587)
median 37520 39420 40850 0.73
Obs 85 81 94

Each row in this table presents results for a regression at the branch-day level of the specified outcome variable on
indicators of each experimental arm—control, mandatory structure, and choice—excluding an intercept. The table reports
the coefficients on each of these indicators, standard errors clustered at the branch level, and p-values from an F-test of the
null hypothesis of equality of the three coefficients, computed from a cluster-robust Wald statistic. We also report median
regression results for all outcomes besides Take-up.

Third, we cannot reject equality of borrowers’ characteristics across arms. Table 2] uses
data from the baseline survey and estimates the same regression specification as above.
Again this is consistent with no differential selection across arms. All p-values (except for
the subjective probability of recovery) are above 0.29 and have tight confidence intervals.

For instance, the subjective probabilities of recovery are 91.8, 91.6, and 93.6 across the

17Cluster-robust standard errors are on the order of 6 borrowers per day, even though our sample size
is relatively large compared to similar studies. We have 80% power to detect 7pp effects on default (a
main outcome) and a difference of 20 loans per day (not an outcome studied).
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three arms, with standard errors of 0.7, 1, and 0.5, respectively.

Taken together, these tables constitute strong evidence that there was no differential
borrower selection across arms. While a differentially selected pool of borrowers would
still provide useful information for the lender about the profitability of different contracts,
it would not allow for the analysis we conduct comparing potential outcomes across arms

for the same borrowers.

Table 2: Borrowers’ characteristics are balanced

Control Structure Choice  p-value

Panel : Survey Data

Subjective value 4084 3877 4173 0.51
(186) (193) (172)
Trouble paying bills 0.19 0.21 0.18 0.67
(0.024) (0.023) (0.02)
Present bias 0.14 0.13 0.13 0.89
(0.02) (0.01) (0.01)
Makes budget 0.62 0.59 0.65 0.29
(0.028) (0.036) (0.021)
Subj. pr. of recovery 91.89 91.65 93.61 0.09
(0.721) (1.031)  (0.582)
Pawn before 0.87 0.89 0.9 0.25
0.02 (0.013) (0.011)
Age 43.32 42.85 43.82 0.73
(0.688) (0.949) (0.792)
Female 0.73 0.72 0.71 0.88
(0.023) (0.019) (0.02)
+ High-school 0.66 0.67 0.65 0.84
(0.027) (0.022) (0.018)
Obs 1386 1469 1982

The table uses survey data to show balance across arms. Survey data is not used for the main results of the paper. It is only
used in Sections @ and m Each row in this table presents regression results in which the unit of observation is a borrower
who completed our baseline survey. Each regresses the specified survey covariate on indicator variables for each treatment
arm—control, mandatory structure, and choice—without an intercept. The table reports estimates of these coefficients,
standard errors clustered at the branch-day level, and p-values from an F-test of the null hypothesis of equality of the three
coefficients, computed from a cluster-robust Wald statistic. “Subjective value” of the pawn refers to the client’s minimum
selling price for the pawn in pesos, “Trouble paying bills” is an indicator for the borrower reporting having problems paying
utility bills in the last 6-months. Present bias is constructed as in |Ashraf et al.| (2006); “Makes budget” as an indicator
for whether the household makes an expense budget for the month ahead of time. The subjective probability of recovery
was elicited a la Manski (from 0 to 100 what is the probability that you will recover your pawn); pawned before equals one
if the client reports having pawned before (although not necessarily with Lender P); age is age of the borrower in years,
+High-school is a dummy that indicates if the client has completed high school.

4 The Mandates versus Choice Design

The “Mandates versus Choice” design randomly assigns participants to one of three ex-
perimental conditions: mandatory control, mandatory treatment, or free choice between
the two. As we now present more formally, this design allows researchers to test a fun-
damental assumption of many economic models: that those who voluntarily choose a

product or contract are those who benefit from it the most.
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Assumption 1 (Mandates versus Choice Design). Fach participant is randomized into
one of three experimental arms: Z; € {0,1,2}. Those with Z; = 0 receive the control
(D; = 0), those with Z; = 1 receive the treatment (D; = 1), and those with Z; = 2 are

free to choose either the treatment (D; = 1) or control (D; = 0) conditions.

In our empirical context Z; = 0 denotes the mandatory Status quo arm, Z; = 1
denotes the mandatory structured payments arm, and Z; = 2 denotes the Choice arm.
In Assumption [I, D; denotes the treatment that participant i actually received, where
D; = 0is the Status quo contract and D; = 1 is the structured payments contract. Besides
random assignment of Z;, the key ingredient in Assumption [I}is perfect compliance in the
Z; = 0and Z; = 1 arms. As explained in Section[3.4]above, this holds in our context: only
participants in the Z; = 2 are free to choose between alternative contracts. In addition

to Assumption [I| we assume that there are no spillovers from treatment.

Assumption 2 (No Spillovers). The stable unit treatment value assumption (SUTVA)
holds: each participant’s potential outcomes depend only on her own values of Z; and D;,

not those of any other participant.

Let C; € {0, 1} denote a participant’s “choice type.” If C; = 1 then she would choose
structure, given the option; if C; = 0 she would not. We call participants with C; = 1
“choosers” and those with C; = 0 “non-choosers.” Note that a participant’s choice type
C; is only observed if she is allocated to the choice arm (Z; = 2). Under Assumption

Under Assumption [2| a fully general model for the potential outcomes would take the
form Y;(d, z) for d € {0,1} and z € {0,1,2}. The following assumption restricts the

potential outcomes to depend on d only.

Assumption 3 (Exclusion Restriction). Each participant’s potential outcomes depend

only on the treatment she actually received (D;), not on her experimental arm (Z;), i.e.

Yi(d,z) =Yi(d) =Y, 2€{0,1,2}, de{0,1}.

Assumption [3] has the same mathematical structure as the familiar LATE exclusion
restriction but its interpretation is somewhat different: there is no explicit distinction
between “chosen” versus “mandatory” treatment in the usual LATE setup. Assumption
implies that being assigned a particular treatment has the same result as choosing it

for yourself.ﬁ If the mere fact of being given a choice directly affects a person’s potential

18Technically, our results only require that the exclusion restriction holds when individuals are assigned
the same treatment that they would have chosen freely: Y;(0,2) = Y;o and Y;(1,2) = Y.
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outcomes, our exclusion restriction fails. For example, someone who would voluntarily
choose drug rehabilitation might respond differently when mandated to attend the same
treatment program. In our experiment, however, assumptionis plausible.m Moreover, it
has testable implications that we fail to reject in our application: see Online[Appendix C|
Assumptions imply that the observed outcome Y; is related to (Y;, Y1) by

Y, = ﬂ(Zi = O)Yio + H(Zi = 1)3/;1 + ﬂ(Zi = 2) [(1 - Cz’)Y;o + Cz'Yh] . (2)

Equation [2|is the key to understanding the mandates versus choice design. It shows how
observed outcomes decompose into potential outcomes based on treatment assignment
and choice type. Random assignment of Z; = 0 and Z; = 1 identifies the marginal
distributions of Y;y and Y;; for the population as a whole, point identifying the average
treatment effect (ATE).@ Random assignment of Z; = 2 likewise point identifies the share
of choosers (C; = 1), the distribution of Y;; for choosers, and the distribution of Y;y for
non-choosers (C; = 0). As a direct consequence, our design point identifies a number
of economically-relevant causal quantities beyond the ATE. First among these are TUT
and TOT effects:

TUT = E(Y — YaolCi = 0), TOT = E(Y;; — Y|Ci = 1).

In our experiment the TUT is the effect of structure on borrowers who would not vol-
untarily choose it; the TOT is the effect on borrowers who would choose structure. By
separately identifying these effects, we can assess whether the “right people” self-select
into structured payments. We return to this question in Section below.

To see why these effects are identified, notice that the Mandates versus Choice design
can be seen as a pair of randomized encouragement designs: RCTs subject to one-sided
non-compliance. The first compares Z; = 1 to Z; = 2 and identifies the TUT. In partic-
ular, by a standard argument (see Online Appendix

E(Y;|Zi=1) -E(Yi|Z; =2) EYi|Z =1) - E(Yi|Z =2)

E(D;|Z; =1) = E(D;|Z; = 2) - 1 — E(D;|Z; = 2) =TUT (3)

since everyone with Z; = 1 is treated. Similarly, since no one with Z; = 0 is treated, a

19Closely related assumptions are common, if often tacit. [Chamberlain (2011) explicitly assumes that
choosing and being assigned a treatment have the same effect. A significant literature using compulsory
schooling laws to estimate the returns to education tacitly assumes that schooling in general has the
same returns, regardless of whether it is mandated or chosen freely. Similarly, fertilizer yields are tacitly
assumed to generate the same returns regardless of whether the fertilizer was chosen by farmers or
provided by the government, as long as it is the same fertilizer.

20The ATE is point identified regardless of whether the exclusion restriction in Assumption [3| holds.
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Figure 2: Graphical Intuition for the Mandates vs. Choice Design.

Choosers Non-Choosers
Control Arm E T
A
"Treatment on the Treated (ToT) IO (Exclusion restriction) ATE of Choice
Choice Arm Choosers Non-Choosers [ ATE of Mandate
A . L
0 (Exclusion restriction) ITreatment on the Untreated (TUT)
v
Structured i ]
payments arm i

Gray rectangles denote borrowers with a structured contract; white rectangles denote borrowers with a status quo contract.
A comparison of means across control and structured payments arms identifies the ATE of Structure. The difference of
mean outcomes across the choice and control “nets out” the non-choosers, and hence equals the TOT multiplied by the
share of choosers. Similarly, the difference of means across the structured and choice arms “nets out” the choosers and
equals the TUT multiplied by the share of non-choosers. The share of choosers, illustrated using dashed vertical lines, is
equal on average across arms under random assignment.

comparison of Z; = 0 to Z; = 2 identifies the TOT:

E(Y;|Z; =2) - E(Y;|Z;=0) E(Y;|Z;=2)-E(Yi|Z =0)
]E(DAZ, :2)_E(Di|Zi:O) - E(D¢|Zi:2) = TOT. (4)

The expression for the TOT in divides by the share of choosers, E(D;|Z; = 2).
Without this adjustment, E(Y;|Z; = 2) — E(Y;|Z; = 0) gives the intent to treat (ITT)
effect of the structured contract, i.e. the causal effect of offering this contract 1 Figure
provides graphical intuition for equations and .

Because our design identifies both the TUT and TOT, it allows us to calculate the
average selection on gains (ASG), the difference between the TOT and TUT effects:

In a canonical Roy model TOT > TUT so the ASG would be positive. The Mandates
versus Choice design allows us to test this implication directly.

Identifying both TOT and TUT effects in the same setting typically requires strong
assumptions. One approach combines an excluded instrument with additional struc-
tural modeling assumptions (Cornelissen et al., |2018; Walters|, 2018)17_7] An alternative

calculates conditional local average treatment effects (LATE) given observed covariates

2INote that identification of the ITT does not rely on assumption I§l

22\While the marginal treatment effects (MTE) approach (Heckman & Vytlacil, 2007) can in principle be
used to identify the TOT and TUT with an exclusion restriction alone, this requires instrumental variable
Z with sufficiently rich support that the probability of treatment take-up given Z varies continuously
between zero and one. In practice, instrumental variables are usually discrete and, even when continuous,
typically have a more modest effect on take-up.

20



X and re-weights them according to the distribution of X in some population of inter-
est (Aronow & Carnegie, |2013; |Angrist & Fernandez-Val, 2013)). While this “LATE and
re-weight” strategy avoids parametric modeling assumptions, it relies on a strong assump-
tion. Specifically, it assumes that there is no selection-on-gains (ASG = 0) conditional
on X. Unlike both of these approaches, the Mandates versus Choice design identifies the
TOT and TUT from assumption [3 It requires neither additional parametric restrictions
nor the assumption of no unobserved selection-on-gains.

In addition to the TUT, TOT and ASG, the Mandates vs. Choice design also identifies

the average selection bias (ASB) and average selection on levels (ASL), namely

E(Y|Z =0)—E(Y|Z=2,D =0)

ASD = Bl = 1) = Bl6 =00 = B(D|Z=2) 5
ASL = (Y, [C; = 1) ~ B(Y[C; = 0) = 017 :12,_%(:;')2—:115;()1/!2 -

as shown in Online Appendix Bl These measures provide additional detail about the
patterns of selection in our experiment. Specifically, the ASB tells us whether borrowers
who voluntarily choose structure are those who are worse off, on average, under the status
quo. Similarly, the ASL tells us whether borrowers who voluntarily choose structure are
those who are better off, on average, under the structured payments contract.

The Mandates versus Choice design also point identifies (Yo |C;, X;) and E(Y;1|C;, X;)
for C; = 0 and C; = 1 where X; denotes any collection of pre-treatment covariates: see
Lemma 1] and (§)—(9) from the proof of Proposition [1] in Online Appendix [B] This allows
us to compute conditional versions of the effects described above and to decompose these
conditional treatment effects into their constituent parts. We exploit this unique feature
of the Mandates versus Choice design in our exploration of heterogeneity and behavioral
mechanisms in Section [7] below. See Online Appendix [D] for a detailed explanation of
how to compute all of the effects described above, along with associated cluster-robust

standard errors, as implemented in our companion STATA package.

5 Results

5.1 Basic Treatment Effects and Take-up

We begin our presentation of results with a standard estimation of experimental assign-
ment to the Mandatory structured payments and the Choice arms, relative to the Control
arm. Table |3| presents estimates and standard errors from a standard experimental re-
gression

Y = o+ BSPTSP 4 gOTC 4 €is (7)
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Table 3: Effects on Financial Cost

Components of FC

FC Interest pymnt Fee pymnt  DefxPpl pymnt Lost pawn value Default CR
>, PL >, PY 1(Def;) x 3°, P§ 1(Def;) x Value-Loan; 1 (Def;)
(1) (2) (3) (4) (5) (6) (7)
Mandatory structured —-183.0%** -124.2%%* 32.4%%* -1.62 -91.3%** -0.077FF* -0.062%**
(50.9) (40.0) (1.54) (3.14) (34.5) (0.025) (0.012)
Choice -11.9 8.16 1.60%** -0.36 -21.7 -0.040% -0.0011
(56.6) (49.5) (0.29) (3.30) (34.0) (0.023) (0.013)
Observations 6304 6304 6304 6304 6304 6304 6304
R-squared 0.005 0.005 0.147 0.000 0.002 0.004 0.016
Control Mean 942.4 545.9 0 5.96 396.5 0.44 0.43

This table shows the treatment effects for our core pecuniary outcomes. Each column presents results from a regression of
the specified outcome variable on an indicator for the mandated and choice arms, following the specification from equation
Column (1) analyzes our core financial cost measure, while the columns 2-6 decompose these into their constituent parts.
Some borrowers take more than one loan on their first visit to an experimental branch. We treat these loans as separate
observations. Additional results, available upon request, show that our results are robust to different ways of handling
multiple loans for each borrower. Standard errors are clustered at the branch-day level.

where i indexes the borrower, j indexes the branch, T°% is an indicator for assignment
to the structured payments arm, T is an indicator for assignment to the Choice arm.
Standard errors are clustered at the branch-day level, the unit of treatment assignment.
In this expression 3° is the ATE of the structured payments contract while 3¢ is the
ITT of structured repayment, i.e. the ATE of offering this contract (see Section . Our
two primary outcome variables are financial cost in pesos and the Cost Ratio (CR), as
defined in Section2.3] Results for these outcomes appear in columns (1) and (7) of Table
Bl The remaining columns decompose the financial cost into its components. Columns
2-4 capture payment flows: interest payments, payments of fees incurred, and principal
payments. Column 5 shows the value of lost pawns conditional on default, column 6 uses
an indicator of default as the outcome, and column 7 scales financial costs by loan size[”

Mandatory structure causes economically large and statistically significant decreases
in borrowing costs, as measured by both financial cost and CR. Despite increasing fees,
mandatory structure decreases borrowing costs by 183 pesos—a 19% reduction from the
control mean of 942 pesos—with a 95% confidence interval of 83 to 283 pesos. These
savings arise from two sources. First, the probability of default falls from a baseline of
44% by 7.7 percentage points (95% CI: 2.8 to 12.6 pp), generating savings of 91 pesos, i.e.,
about half of the total financial cost savings. Second, faster repayment reduces interest
charges, as the structured payments contract causes borrowers to pay down the principal
more quickly. These effects translate into a 6 percentage point reduction in CR from
mandatory structure (95% CI: 3.8 to 8.6 pp).

In contrast, the Choice arm generates no significant cost reductions. There is an

increase in fees, an outcome for which we have high statistical power because fees are

23Loans can be extended in 3-month increments by paying accrued interest, maintaining the same
treatment conditions. We track costs across the entire loan duration, including any extensions.
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zero for every borrower in the control arm, and there is also suggestive evidence of a
decrease in default probability (95% CI: -8.5 to 0.5 pp). Confidence intervals for the
Mandatory and Choice arms have similar widths, indicating that the null result in the
Choice arm reflects a smaller estimated effect rather than insufficient precision. Despite
structure’s large effects when mandated, the Choice arm generates no significant cost
reductions due to low take-up: only 11% of borrowers choose the structured payments
contract. As shown in Online Appendix Figure [OA-4] observables from our baseline
survey are only weak predictors of take-up: borrowers who report that they have trouble
paying bills are less likely to choose structure while more educated borrowers are more
likely.

Promise arms. As a further point of comparison, Appendix Table [OA-3] presents re-
sults analogous to Table [3| for the promise arms. In the equivalent of the mandated
structured payments arm, borrowers were told to give us their word that they would pay
one third of the loan amount each month. These are the same monthly payments as re-
quired by the structured payments contract. Promise arm borrowers, however, knew that
they would face no lender fees for missed monthly payments.@ In a second promise arm
clients were given the option to make such a promise; 33% chose to do so. Having borrow-
ers promise to pay monthly generates economically small and statistically insignificant
effects, whether the promise is chosen or required. For example, using the financial cost
outcome, the estimated effect of the Promise Mandate is -18 pesos (95% CI: -142 to 106)
compared to -183 pesos for mandatory structure. More generally, confidence intervals for
the Promise Arms are wide and include substantial effects in both directions. Personal
promises alone are insufficient to change behavior; the combination of a pecuniary fee

and externally imposed structure is responsible for our treatment effects.

Payment speed To shed light on the mechanisms behind these treatment effects, Table
examines intermediate outcomes. Panel A shows that mandatory structure accelerates
repayment. Under the status quo borrowers wait an average of 82 days (out of a 90-day
contract) before making their first payment; those in the structured payments arm make
their first payment an average of 12.2 days earlier. These earlier payments are also 9.7%
larger (column 2). Moreover, around 37% of borrowers in the structured payments arm
pay in full on their first visit, compared to 30% under the status quo contract (column
3). Overall, mandatory structure shortens loan duration by 22.6 days (column 4) and by

14 days conditional on recovery (column 5)

24The client was made to sign a paper which said “I promise to pay every month the corresponding sum
of __, on the dates , , and —__.” The dates were pre-printed in the same way as in Figure |[OA-]]
It also said: This is not a legal document and cannot be used in court. It is just a personal promise. If
you do not pay on time you will not have kept your word”.

25Note that recovery is an endogenous control.
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Binding monthly deadlines. Figure W (a) plots cumulative loan repayment over
time by treatment arm. In the structured payments arm, a disproportionate number of
payments occur near monthly payment deadlines. We see no such bunching of payments
around these dates in the status quo arm. Differences in accumulated payments across

arms seem to emerge precisely right around these dates.

Payment Bifurcation Panel B reveals that mandatory structure reduces wasteful
partial payments. Without structure, 12% of borrowers make payments toward their loans
but ultimately default, losing both their collateral and any payments made. Mandatory
structured payments reduce the probability of this costly outcome by 6.7 percentage
points (column 6). Among those who do default, borrowers in the structured payments
arm pay 3.5% less toward their loans (column 7) and are 12 percentage points more
likely to pay nothing at all (column 8). One interpretation of this is that the monthly
payment schedule in the structured payments arm forces borrowers to engage earlier
with the question of whether recovery is realistic. Some decide that it is and commit
fully. Others realize that it is not and decide to cut their losses sooner by making no
payments, thus saving them money that would likely be lost. This mechanism would
also explain the pattern of branch visits that we observe: no overall increase in the
structured payments arm (column 10) but 0.17 fewer visits on average from those who
default (column 11). Column 9 shows that mandated structured payments do not affect

the fraction of borrowers who make at least one payment.

Other Costs To show that our results are robust to alternative cost measures and
to account for additional costs that structured payments contracts impose, Table [OA-2
presents three adjustments. First, we use borrowers’ subjective value of the pawn rather
than its appraised value, since jewelry has sentimental value. Self-reported valuations are
nearly twice the appraised gold value on average, making default even more costly. This
adjustment (column 2) increases the estimated treatment effect from -183 to -293 pesos
(95% CI: -469 to -117). Second, we add transaction costs from branch visits, including
self-reported transport costs and the opportunity cost of borrowers’ time (conservatively
charged at a full day’s minimum wage per visit). Despite requiring three visits instead of
one, the savings remain essentially unchanged at -183 pesos (column 3). Third, we account
for liquidity costs by applying compound daily interest to all pre-payments, assuming that
borrowers would need to borrow at an interest rate of 7% per month (column 4). Even
with this conservative adjustment, the effect remains large and significant at -107 pesos
(CI: -183 to -32). Comparing columns (1) and (4) of Table shows that less than
half (42%) of the total savings come from reduced interest charges. About half of the
financial cost savings come from avoiding default. This means the intervention remains

strongly beneficial even if clients have to borrow to make early payments.
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This analysis shows that the reduction in undiscounted financial costs to the borrower
is robust to the inclusion of several additional cost measures. In Section [ we address the
role of time discounting and examine potential implications of our findings, particularly

in a context where so few people choose a contract that so many appear to benefit from.

Censoring of Loan Completion Our observation window was limited in each branch,
preventing us from following some loans to completion. Overall 13% of experimental
loans are censored—neither defaulting nor repaying within our observation window. This
censoring particularly affects pawns that were rolled over for additional 90-day periods.
In the results presented above, we addressed this issue conservatively by using outcomes
such as “did not default” which remain well-defined for censored loans. This approach
biases our estimates toward zero because control loans, which repay more slowly, are more
likely to be censored and thus coded as not having defaulted even though some would
have eventually defaulted. In the Online Appendix we consider the issue of censoring
in more detail. Table presents the results of a bounding exercise that checks the
robustness of our results to alternative assumptions about repayment for censored loans.
Even under the most conservative assumptions (Panel B), the causal effect of structure

on financial costs remains large and significant at -167 pesos (95% CI: -276 to -58).

Lender profit If structured payments reduces lenders’ profits, they will have little
incentive to offer it. For a single loan, the interaction between borrowers and lenders is
zero-sum: the borrower’s financial cost equals the lender’s profit. Table |3| showed that
structured payments contracts reduced borrowers’ financial costs, and hence lenders’
profits, on a per loan basis. Table from the Online Appendix, however, shows that
borrowers in the structured payments arm are 6.7 percentage points more likely to become
repeat customers. We now describe a back-of-the-envelope calculation that adjusts for
this offsetting effect to determine whether structured contracts increase or decrease total
lender profits on net. As shown in column 1 of Table [3] structured payments contracts
generate approximately $759 MXN in lender profit per loan compared to $942 MXN for
status quo contracts. As shown in Table 38.7% of borrowers in the structured
payments arm return to take out another loan compared to 32.0% under the status quo.
To determine which contract type is more profitable, we calculate the expected lifetime

value of a customer under each:

T T
Profit(status quo) = 942 - Y 4'(0.32)", Profit(structured) = 759 - >~ §*(0.387)"

t=0 t=0

where ¢ is the discount factor and 7' is the time horizon. This calculation makes three
assumptions. First, it assumes that the number of times a borrower returns is a geometric

random variable with success probability equal to the overall return rate of their contract
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type in our experimentﬁ Second, it assumes that borrowers receive the same contract
each time they return. Third, it assumes that financial cost is statistically independent
of the decision to return. Under this model, status quo contracts generate higher profits
for all § € [0,1] and all T (see Figure [OA-7)). The higher rate of repeat business from
structured payments contracts does not compensate for their lower per-loan profits. In
Online Appendix [A.3] we present two alternative versions of this exercise that relax the
assumption of independence between per-loan profits and the decision to borrow again.
As shown in Figure [DA-§] the results are unchanged.

5.2 Estimating Treatment Effects by Contract Choice

The results discussed so far present a puzzle: structured payments contracts substantially
reduce financial costs yet only 11% of borrowers choose them when given the opportunity.
If the effect of structure were homogeneous, this would be enough to conclude that the
89% who did not choose it would have been financially better off if they had. In a
world of heterogeneous treatment effects, however, low demand for structure could still
be consistent with rational choice—the borrowers who don’t choose it could simply be
those who don’t need it. This raises a fundamental question: do the “right people” choose
structure, or would a structured payments contract lower financial costs for borrowers
who would not choose it?

Table [5| presents the causal effects identified by the Mandates versus Choice design—
TOT, TUT, ASG, ASB, and ASL—along with standard errors clustered at the branch-day
level. For ease of interpretation, we redefine outcomes in this section and those that follow
so that positive values indicate beneficial effects: cost savings, lower default rates, and
CR reductions. For reference, row 1 shows ATE results and rows 4-5 present the average
potential outcomes E[Y;] and E[Y;].

Row 3 of Table [5| contains our central finding: non-choosers benefit substantially from
structure. The TUT effect is positive, statistically significant, and economically large
across all outcomes. Non-choosers save an average of 192 pesos (95% CI: 92 to 291) and
experience a 6 percentage point reduction in CR (95% CI: 3.8 to 8.5)—benefits they forgo
by choosing the status quo contract. Indeed, our estimated TUT effects are larger than
the corresponding ATE estimates for all outcomes except default. Put simply, the 89%

of choice arm borrowers who reject structure are leaving money on the table.

26Results are virtually unchanged if we replace the geometric model with a binomial model in which
customers need to borrow on n future occasions and return with probability p for each.
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Table 5: TOT, TUT, ASG, ASB, and ASL Estimates

CR % benefit FC benefit % (1-Default) % (1-Refinance)

(1) (2) (3) (4)
ATE 6.16%** 183.0%** 774K 6.34%*
(1.25) (50.8) (2.50) (2.90)
ToT 1.00 111.9 37.4* -25.9
(12.6) (528.3) (21.6) (29.1)
TuT 6.77F** 191.5%** 4.20% 10.2%**
(1.44) (50.8) (2.41) (2.90)
E[Y1] -36.4%** -759.4%%* 64.2%** 67.2%%*
(0.85) (27.3) (1.69) (1.70)
E[Yo] -42.5¥** -942 4*** 56.4%** 60.9%**
(0.91) (42.9) (1.84) (2.35)
ASG -5.77 -79.6 33.2 -36.1
(13.4) (556.2) (22.6) (30.6)
ASB 8.89 291.5 -39.1* 22.7
(13.1) (551.2) (22.3) (30.1)
ASL 3.12 211.9%** -5.90 -13.4%**
(2.15) (59.5) (4.29) (4.20)
Observations 6304 6304 6304 6304
Hy : ASG=0 0.67 0.89 0.14 0.24
Hy : ASG> 0 0.67 0.56 0.071 0.88

This table presents results computed using the derivations from Section The CR and financial cost outcomes have been
multiplied by —1 so that causal effects represent benefits to the borrower in each of the four columns. FC benefits are
measured in pesos, while default and refinance outcomes are measured in percentage points. The bottom panel presents
p-values for two hypothesis tests of treatment effect homogeneity.

Standard models of rational choice predict that choosers should benefit more than
non-choosers (TOT>TUT)—positive selection on gains. While the low take-up rate of
structure in the choice arm (11%) limits our power, we find no evidence in support of this
prediction. Point estimates for the average selection on gains (ASG = TOT — TUT) are
negative for all outcomes except default probability, but none are statistically significant.
For example, the estimated ASG for our CR outcome is -6 percentage points with a
95% confidence interval of -32 to 20 percentage points. The imprecision in our ASG
estimates stems from the small number of choosers, leading to large standard errors for
TOT effects. The most precisely estimated of our TOT effects (column 3), still has a
wide 95% confidence interval: -5 to 80 percentage points.

We do find some evidence of other forms of selection. First, the average selection
bias (ASB) for the recovery outcome (column 3) is -39 percentage points, with a 90%
confidence interval of -76 to -2 percentage points. This means that choosers are estimated
to have a higher risk of default under the status quo than non-choosers. Thus, we
find some suggestive evidence of selection on baseline default risk Yy but no evidence
of selection on gains Y; — Y. This pattern would be consistent with choosers recognizing

their elevated default risk under the familiar status quo contract but being unable to
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predict how much the unfamiliar structured payments contract would help. Second, we
find evidence of average selection on levels (ASL) for the FC outcome (column 2) and
the “did not refinance” outcome (column 3).

To our knowledge, ours is the first experiment to identify treatment effects for both
choosers (TOT) and non-choosers (TUT) simultaneously, showing that non-choosers may
benefit as much or more than those who self-select into treatment. The Mandates versus
Choice design could be valuable in other settings with low rates of voluntary adoption.
Non-adherence to treatment is widespread in medical applications (McDonald et al.,
2002)) yet existing work cannot test whether voluntary adherers benefit more than non-
adherers. Similarly, while several studies have shown low take-up of commitment devices
(e.g., |Ashraf et al., 2006; |Giné et al., 2010; Bai et al., 2021} Royer et al) 2015), existing

work does not estimate treatment effects for non-takers Pl

6 Is Anyone Hurt by Structure?

In Section [5| we estimated large and statistically significant average effects of structured
payments, both on average and for borrowers who chose the status quo contract. Average
effects, however, could mask substantial heterogeneity. Despite the large and positive
TUT effect, some non-choosers could still experience negative treatment effects, validat-
ing their decision to opt for the status quo. We now present two exercises that explore
whether anyone is harmed by structured payments. The first computes partial identifi-
cation bounds for the distribution of individual treatment effects. Even under the most
conservative assumptions, at least 29% of borrowers benefit from structure—more than
twice the 11% who choose it. The second uses causal forests and our borrower survey
to estimate conditional average treatment effects. We find that only 1% of estimated
conditional TUT effects are negative, suggesting that harmful effects are rare among

non-choosers.

6.1 Bounding the Distribution of Individual Treatment Effects

While the distribution of individual treatment effects cannot be point identified, it can
be bounded, allowing us to go beyond the average effects from Section to compute a
lower bound for the fraction of borrowers who would benefit from mandated structure.
This exercise relies only on Assumptions [I] and [2} unlike our TUT and TOT results, it
does not rely on an exclusion restriction.

As above, let (Y, Y1) be i’s potential outcomes under the status quo and mandated

2TWe note that some other papers find higher rates of commitment take-up (Kaur et al.,[2015;|Casaburi
& Macchiavellol [2019; (Schilbachl 2019; (Tarozzi et al., 2009; Dupas & Robinsonl, 2013]), see |Carrera et al.
(2022)) for more detail.
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structured payments conditions and define A; = Y;; — Yo as borrower i’s treatment effect.
The marginal distributions Fy, F of Yjg, Y;1 are observed, but the marginal distribution
FA of A; is not. To bound the latter, we consider all joint distributions of the potential
outcomes that agree with Fy and Fj. As shown in Fan & Park (2010), for any fixed § the
sharp bounds for Fa(d) are [F(5), F(§)] where

F(§) = max {0, Sup Fi(y) — Foly — 5)} , F(0) =1+ min {O,irylf Fi(y) — Foly — 5)} :

Since Fy and F are identified under Assumptions , so are F and F. Setting 6 = 0
bounds the fraction of borrowers harmed by mandated structure: Fa(0) = P(A; <0).

Using this approach, we estimate a lower bound of 0.04 and an upper bound of 0.71 for
the share of borrowers harmed by mandated structure, based on the CR outcome. Cor-
responding 95% confidence intervals are [0.02, 0.05] for the lower bound and [0.68, 0.73]
for the upper bound®] Since at most 71% are harmed, even under the most conservative
assumptions, and without imposing an exclusion restriction, we find that at least 29% of
borrowers have positive treatment effects from mandatory structured repayment, more
than double the fraction who demand this contract.

With stronger assumptions, it is possible to say more. One such assumption is rank
invariance, which posits that a person’s rank in the distribution of Yy equals her rank
in the distribution of Y;. While strong, this assumption or variants of it have appeared
in a number of settings in the literature, e.g. |Chernozhukov & Hansen| (2005). Under
rank invariance, the distribution of treatment effects is point identified and given by
FA(8) = Jy T{F (u) — Fy ' (u) < 6} du where Fi™' and Fy! are the quantile functions of
Y;1 and Yjy. For the CR outcome, rank invariance implies that around 90% of borrowers
have positive individual treatment effects from mandatory structured repayment. See
Figures and in Appendix [E] for our estimate of the full distribution Fa(9)

with and without rank invariance.

6.2 Conditional Average Treatment Effects via Causal Forests

While informative, our bounds for the share of borrowers harmed by mandatory structure
are wide. Rank invariance collapses these bounds to a point, but at the expense of
imposing a strong additional assumption. In this section we take a different approach,
using data from our baseline survey to study conditional average treatment effects rather
than individual effects. Specifically, we ask whether it is possible to identify groups of
borrowers with negative average effects from mandated structure.

All treatment effect results presented thus far have relied exclusively on administrative

28 As described in Appendix [E| we compute these bounds adjusting for day of the week and branch
dummies to tighten the bounds. See Appendix for details of our inference procedure as well.
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data; we have only used the baseline survey to assess experimental balance (Table
and to explore predictors of take-up in the choice arm (Online Appendix Table
. In the remainder of this section and the next, we incorporate survey responses into
our estimates of treatment effects.@ The survey response rate was 78%; as such, the
results discussed in this section should be understood as applying to this subsample
of respondents. Reassuringly, unconditional treatment effects for survey respondents are
nearly identical to those for the full sample, as is the take-up rate of structured repayment.
See Online Appendix and Table for details. Because the baseline survey was
administered before treatment assignment, random assignment of Z; remains valid within
the survey subsamplem Before proceeding to estimate heterogeneous treatment effects,
we note that the ommibus test of homogeneous treatment effects from |Chernozhukov
et al.| (2018) strongly rejects the null. See Online Appendix [F| for details of this test
along with evidence that the heterogeneous treatment effect estimates presented below
are well-calibrated, i.e. that they imply predictions for the observed outcome that are on
the correct scale.

We consider conditional ATE, conditional TUT, and conditional TOT effects—CATE,
CTUT, and CTOT for short—defined as CATE(z) = E[Y;; — Yjo|X; = z] and

respectively. We estimate these as nonparametric functions of survey responses, using
the “generalized random forest” approach of Athey et al| (2019). See Appendix |G| for
implementation details. Note that our CATE results, like the bounds from Section [6.1],
rely only on Assumptions[IH2] while our CTUT and CTOT results, like their unconditional
counterparts, impose the exclusion restriction from Assumption [3|

Figure [3] presents kernel density plots that summarize the estimated CATE, CTOT,
and CTUT effects across the individuals in our experiment. For example, panel (c) is
produced by defining 0; = C/Aﬁ)(Xl) to be the causal forest estimate of participant i’s
CATE, based on her survey responses, and plotting the density of 0, across i. In each
panel, the outcome variable is CR benefit, i.e. the reduction in CR from a structured

repayment contract.

29See Table in the Online Appendix for the list of the survey variables used in this section.

30 Assumption [1] continues to hold conditional on pre-treatment covariates. Similarly, since Assump-
tions [2H3] are restrictions on the potential outcomes of each individual in the population, they also hold
conditional on pre-treatment covariates. Thus, the results of Section [ continue to apply conditional on
survey response and information from the baseline survey.

31These densities are merely convenient summaries of the estimated conditional average effects across
borrowers in our sample; they are not estimators of the underlying distribution of ¢rue average effects
0;. Estimating the latter would involve solving a challenging deconvolution problem. Fortunately this is
not required to address our question of interest in this section.
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Figure 3: Heterogeneous Treatment Effects.
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Kernel density plots of estimated conditional average treatment effects across borrowers in our sample, constructed using
survey and administrative data using the generalized random forests. See Appendix [G]for implementation details.

As seen from the figure, estimated conditional average effects are highly heterogeneous
but overwhelmingly positive. The density of TUT estimates is particularly interesting
because it summarizes conditional average effects for borrowers who would not voluntar-
ily choose structure. Strikingly, only 1% of our estimated conditional TUTs are negative.
Using a bootstrap approach detailed in Online Appendix [G] we obtain a 95% confidence
interval of [0.1%, 2% for the share of non-choosers in the population who have a negative
average treatment effect from mandated structure. To be clear: this is a probability state-
ment about conditional average effects over the distribution of covariates. In particular,
we estimate that [ 1{E[Y; —Y,|X = x,C = 0] < 0} f(x|C = 0) dx is approximately 0.008
with the aforementioned confidence interval. In other words, after flexibly accounting for
observed heterogeneity using survey responses, it is difficult to find groups of borrow-
ers who would be harmed on average by a policy of mandated structure, even among
non-choosers. This need not imply that 99% of individual non-choosers benefit from
mandated structure. There could remain important sources of unobserved heterogeneity
such that the share with negative individual effects, P(Y; < Y,|C = 0), is larger (see
Section [6.1] for bounds on the distribution of individual effects). Nevertheless, our CTUT
results strengthen the case that mandated structure is broadly helpful.

The more heterogeneity that X; explains, the closer conditional average effects be-

come to individual effects. Thus, under the stronger assumption that our survey measures
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capture the main sources of treatment effect heterogeneity, our causal forest estimates
of conditional average effects approximate individual-level effects. The remainder of this
section proceeds under this stronger assumption, allowing us to consider whether par-
ticular borrowers made “mistakes” in their choice of contract. We define a mistake for
a non-chooser as a conditional TUT estimate that exceeds a specified CR threshold—
for example, 5 percentage points—meaning she would have benefited substantially from
choosing structure. Analogously, a mistake for a chooser is a conditional TOT estimate

below the negative of that same threshold, meaning she was harmed by choosing structure.

Figure 4: “Mistakes” in the choice arm.
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Figure 4] plots the CDFs corresponding to the densities from panels (a) and (b) of
Figure |3 from above, along with pointwise 95% confidence bands constructed using the
bootstrap procedure described in Online Appendix [G] Our results suggest that many
non-choosers would have experienced substantially lower financial costs had they chosen
structured payments. We estimate that between 98% and 99.9% of non-choosers have a
positive CTUT effect, and between 66% and 80% have a CTUT that exceeds 5 percent of
the loan amount. In contrast, comparatively few choosers appear to have made mistakes
by choosing structure: roughly 15-41% of choosers have a negative CTOT-—they shouldn’t
have chosen structure—and only 7-19% have a CTOT effect below -5 percentage points
(a large mistake). These findings strengthen the case for mandatory structure: not only
does it generate large benefits on average, but most non-choosers belong to groups with
substantial positive conditional average effects.

Given the large variation in conditional average effects, one might consider targeting
mandatory structure to borrowers who were predicted to benefit, rather than applying it
universally. To be feasible in the real-world, however, such a targeted approach could only

rely on covariates that are either verifiable or difficult to manipulate. Appendix [H] shows
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that in our example the narrow set of feasible covariates—age, gender, education, desired
loan size, and prior pawn experience—has limited power to inform targeting. An optimal
targeting rule based on these narrow covariates reduces the share of borrowers assigned
to the “wrong” treatment only marginally. Hence in this context, universal mandated

structure may be more attractive than a feasible targeted approach.

7 Why Does Paternalism Work?

Sections [5.2] and [6] showed that non-choosers benefit substantially from structured pay-
ments. At least 29% of borrowers have positive individual effects and 99% of non-choosers
show positive conditional average effects. Yet only 11% choose structured payments
voluntarily. While we cannot definitively identify the mechanism behind this mandate-
choice gap, our baseline survey allows us to explore two standard behavioral explanations:
present bias and overconfidence. We find that neither mechanism predicts take-up, but
subjective certainty about pawn recovery predicts the strength of the TUT effect. We
then provide a simple model illustrating how the state-contingent features of the struc-
tured payments contract could interact with overconfidence to generate heterogeneous
TUT effects in the face of low take-up. We close by discussing our findings in the light

of the existing literature.

Learning and Time Discounting Before proceeding, we consider two neoclassical
explanations. The first is learning. The structured payments contract was unfamiliar
to borrowers; perhaps they required more experience to understand its benefits. As
detailed in Online Appendix [[.1|, we find no evidence that borrowers assigned to the
mandatory structured payments arm were more likely to choose structured payments
in the future. The second is time discounting. The monthly payments required under
the structured payments contract are front-loaded, while pawn recovery is back-loaded.
Perhaps high discount rates among borrowers explain their low demand for structure. In
Online Appendix Figure [OA-12] we show that implausibly high annual discount rates—
above 1000%—would be required to offset TUT effects of the magnitude we estimate
above. While these exercises cannot completely exclude a role for learning or discounting,

they motivate us to consider behavioral explanations below.

7.1 Present Bias

Present-biased borrowers overweight immediate costs relative to future ones. In the pawn
setting, this may lead to delayed repayment and, ultimately, default. By introducing late
fees for missed interim payments, the structured payments contract makes immediate

delays more costly, offering a potential remedy for procrastination (O’Donoghue & Ra-
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binl, |2001)). Sophisticated present-biased borrowers realize that they stand to benefit
from structure and choose it when given the option. Their naive present-biased coun-
terparts also benefit from structure but fail to realize this. When offered the choice,
these borrowers opt for the status quo. If most borrowers are naive present-biased, this
would explain our key findings: few choose structured payments (the sophisticated) and

structure benefits even the non-choosers (the naive).

Figure 5: Differences in TUT Effects by behavioral variables (Financial Cost Outcome).
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Each panel in this figure shows how the estimated treatment on the untreated (TUT) effect on financial
cost (in pesos) varies with a binary survey variable X;. Error bars show 95% confidence intervals with
standard errors clustered at the branch-day level. In the left panel, X; = 1 if borrower i is present-biased
based on her responses to the time preference questions from our survey. In the right panel X; = 1 if
borrower i reported that she was certain to recover her pawn. The larger confidence intervals in the left
panel reflect the smaller sample of borrowers who answered the PB questions. Results are similar when
restricted to the subset of borrowers who answered both PB and sure-confidence questions.

Under this explanation, non-choosers are either time-consistent or naive present-
biased. Time-consistent borrowers do not benefit from structure but naive present-biased
borrowers do. Thus, if naive hyperbolic discounting drives our results, the TUT effect for
the present-biased should be larger than for other borrowers. To evaluate this prediction,
we measure present bias using standard hypothetical choice questions from our baseline
survey: comparing a decision between payment tomorrow versus payment one month in
the future against a decision between payment three months versus four months in the
future. Based on this measure, we classify borrowers who exhibit more impatience over
immediate delays as present biased.@ Taking our survey measure at face value, we find
no evidence that present-bias explains our positive estimated TUT results from above.

As shown in the left panel of Figure[5] the TUT estimate for financial cost among present-

32While this measure of present-bias is widely used, it has known limitations compared to more elab-
orate incentivized measures. See Section @ for more discussion of this point.
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biased borrowers (green; at right) is 87 pesos (95% CI: -307 to 481), less than half as
large as the estimate of 202 pesos (95% CI: 29 to 374) for time-consistent borrowers (red;
at left). This pattern is the opposite of what the naive present bias explanation would
predict, although the difference between TUT effects is not statistically significant.

In standard models, only sophisticated agents demand commitment. Because we
cannot distinguish sophisticated from naive borrowers in our survey, however, we cannot
test this theoretical prediction. Empirically, our measure of present bias does not predict
take-up of structured payments in our experiment (Online Appendix .

7.2 Overconfidence

Overconfidence offers another potential explanation of the low demand for structured
payments despite the benefits from mandating it. Whereas present bias concerns pref-
erences, overconfidence concerns beliefs@ Overconfident borrowers are overly-optimistic
about their probability of recovering their pawn under the status quo. They may be
counting on a financial windfall that is unlikely to materialize, or they may expect that
setbacks experienced in the past will not persist into the future. A highly confident
borrower, one who is effectively certain that she will recover her pawn, sees no value in
structured payments and opts for the status quo. Why sacrifice repayment flexibility to
avoid an outcome that she sees as impossible? But if this confidence is misplaced, she
may still benefit from mandated structure.

Our baseline survey also elicited borrowers’ subjective probability of recovery before
they knew their treatment assignment, asking them to mark a point along an interval
“where 0 is impossible and 100 is completely certain”. In total, 72% of survey respondents
were completely certain they would recover. We call these borrowers sure conﬁdentﬁ
Not all sure confident borrowers are necessarily overconfident, but the overall default
rate of 42% for the sure confidents under the status quo suggests that many are overly
optimistic about their prospect of recovery. Empirically, we find that the positive TUT
effect is concentrated among the sure confident. As shown in the right panel of Figure [5
the TUT estimate for sure confident borrowers (green; at right) is 216 pesos (95% CI: 78
to 354 pesos). The estimate for other borrowers (red; at left) is 46 pesos (95% CI: -133
to 227), although the difference between TUT effects is not quite significant (p = 0.12).
Figure [OA-14] in the Online Appendix shows that these differences in TUT effects are
driven by differences in average untreated potential outcomes: E[Y(0)|C = 0]. Under
structure, sure confident borrowers experience the same borrowing costs on average as

other borrowers; under the status quo, however, their borrowing costs are much higher.

33While conceptually distinct, present bias and overconfidence may be related in practice: see Section
for more discussion of this point.
“Figure |[OA-13|in the Online Appendix shows the correlates of sure confidence in our sample.
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This pattern is consistent with the idea that structured payments correct mistakes among
overconfident borrowers.

For take-up, overconfidence delivers a clearer theoretical prediction than present bias:
borrowers certain of recovery should show less demand for structure because it is a solution
to a problem they do not have. As seen from Online Appendix [OA-4] however, neither
sure confidence nor present bias predicts take-up in the choice arm. This is consistent
with recent results from Carrera et al.|(2022)) and suggests that self-targeting of structured

payments may not be effective in our context.

7.3 Modeling the Role of Overconfidence

These results raise a natural question: why would sure confident borrowers react to
mandated structure in the first place? If they are certain that structure will not help
them to avoid default, why don’t they simply ignore the monthly payment deadlines? The
answer lies in two unique features of pawn lending. First, late fees are state-contingent,
because they can only be collected from borrowers who ultimately recover their pawn.
Second, prepayments are risky because they are forfeited in default.

Evidence for the importance of the fee comes from our Promise treatment arms, which
provide the same monthly payment schedule as the structured payment contracts but
without late fees. TUT effects are negative for all groups with wide confidence intervals
that include zero; see Online Appendix figure for details. This suggests that the
fee and its enforcement by the lender are critical. Structured payments generate sharp
bunching at monthly deadlines (Figure [ODA-G| (a)) and substantial cost savings (Table
3)). Promise arms with identical schedules but no enforcement show no bunching (Figure
OA-G| (b)) and null effects (Table [DA-3). The fee makes the payment structure both
salient and credible. The payment schedule alone does not change behavior.

Motivated by these findings, Appendix [K| presents a simple stylized model explaining
how the state-contingent features of the structured payments contract interact with bor-
rower beliefs to make sure confident borrowers more responsive to mandated structure.
There are three periods. In the first, borrowers are assigned the status quo or structured
payments contract]ﬂ In the second, they decide whether or not to make a fixed prepay-
ment toward recovery of their pawn. In the third, the default or recovery outcome is
realized, with a probability that depends on prepayment. Borrowers are free to make a
prepayment under either contract type, but structure changes the costs and benefits of
prepayment by introducing a fee for missed prepayments.@ To accommodate overconfi-

dence, the model allows borrowers’ subjective probability of recovery given prepayment

35Because its goal is to explain a difference in TUT effects arising from overconfidence, our model is
designed to apply only to borrowers who would not choose structure voluntarily, 89% of our sample.
36We interpret the fee as including both pecuniary and non-pecuniary aspects: see Appendix
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to differ from the objective probability.

Sure confident borrowers are certain they will recover their pawn. For this reason
they are also certain they will pay a fee if they miss prepayments under the structured
payments contract. Borrowers who are less certain of recovery perceive weaker incentives
from the same fee: they believe there is a chance that they will default and never owe the
fee. Sure confident borrowers are also certain that they will not forfeit any prepayments
made, whereas other borrowers view prepayment as risking money that they may lose in
default. Under plausible conditions on liquidity costs and beliefs, described in Appendix
[[J these two channels imply that sure confident borrowers are the most likely to react to
mandated structure by prepaying. In Figure we show that this holds empirically
by comparing the causal effect of structure on prepayment for sure confident borrowers
against the same effect for other borrowers (a difference-in-differences). The difference in
causal effects of structure on cumulative prepayment (sure confident minus not) jumps
around day 30 and remains elevated until day 90. Similarly, the difference in effects of
structure on prepayment within a seven-day window jumps around days 30 and 60, the
interim payment days stipulated by the loan contract.

In our model, prepayment improves the chance of recovery. As shown in the Appendix,
unless sure confident borrowers have a much smaller effect of prepayment on recovery,
their greater responsiveness to structure implies that they will have the largest TUT

effect. This is consistent with our findings from |5/ above.

7.4 Discussion of Behavioral Mechanisms and Welfare

The results discussed above suggest that overconfidence about pawn recovery may pro-
vide a better explanation for our main empirical findings than present bias. However,
this result should be interpreted cautiously for a number of reasons. First, our measure
of present bias has several limitations that have been highlighted in the recent behav-
ioral literature: it is dichotomous, unincentivized, and based on hypothetical monetary
choices rather than consumption or real effort choices (Andreoni & Sprenger, 2012; An-
dreoni et al [2015; |Cohen et al) [2020; |Augenblick et al., 2015). Given field constraints—
surveying real pawnshop clients before commercial transactions—our simple measure was
a necessary compromise, but the null result for present bias could reflect measurement
error in our survey instrument.

Second, present bias and overconfidence are conceptually related. Heidhues & Koszegi
(2010) and Allcott et al|(2022) show how naive present bias can mechanically create over-
confidence about future behavior. As such, our overconfidence measure may capture some
elements of present-bias naiveté rather than pure overoptimism. Empirically, however,
the correlation between our two measures is only -0.01, suggesting that they function

as independent constructs in our sample, although this too could reflect error in our
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measurement of present bias. Following Manski (2004), a large literature aims to elicit
subjective beliefs, which are often considered easier to measure than time preference.
Whether overconfidence is the correct primitive or a more tractable proxy, our results
suggest that understanding beliefs about repayment has an important role to play in the
design of financial services.

As emphasized throughout the paper, positive treatment effects on financial bene-
fits need not imply welfare gains. Our model helps to clarify the welfare implications of
mandated structure. Borrowers who prepay regardless of contract type—always-payers—
experience no change in welfare from mandated structure. Borrowers who never prepay
regardless of contract type—never-payers—are harmed by mandated structure, since they
incur a fee without a compensating benefit: they still lose their pawn. For “switchers”—
borrowers who only prepay under structure—welfare effects could be positive. On the
one hand, switchers with correct beliefs are harmed: structure shifts them away from
the optimal choice. On the other hand, switchers who overestimate their probability of
recovery under the status quo, or who underestimate the efficacy of prepayment in avoid-
ing default, can experience welfare gains. The greater the prevalence of overconfidence,
the more likely it becomes that mandatory structured payments will improve aggregate
welfare. Our results, documenting widespread overconfidence and financial cost savings
from structure, are suggestive (not conclusive) of positive overall welfare effects. Richer

data than our survey provides would be needed to reach a definitive conclusion.

8 Conclusion

In this paper we make three main contributions. First, we analyze pawn lending, an im-
portant but understudied industry serving hundreds of millions worldwide. We provide
new stylized facts and show how contract structure drives repayment and borrower costs.
In contrast with recent research documenting benefits of repayment flexibility in micro-
finance, we show that such flexibility can be costly in overcollateralized loan markets.
Second, we introduce a novel “Mandates versus Choice” design that identifies treatment
effects separately for choosers and non-choosers without requiring structural modeling as-
sumptions. This allows us to test whether the “right people” self-select into treatment—a
fundamental question for policy design and for evaluating paternalistic interventions.
The design could prove valuable in other settings with low voluntary adoption, such as
medical treatment adherence or commitment savings devices, where researchers need to
distinguish whether low take-up reflects heterogeneous treatment effects or systematic
mistakes. Third, we show that a simple change to contract terms generates substantial
financial savings: mandatory structured payments lower financial cost by 183 pesos and

reduce default by 7.7 percentage points, yet only 11% voluntarily choose this contract.
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We find substantial benefits for non-choosers and no evidence of selection on gains. To
our knowledge, this is the first such result in the household finance literature.

At first it may seem puzzling that lenders do not offer structured payments contracts.
Our results suggest a plausible explanation. Lender profits are higher when the borrower
defaults. Paired with low demand for structured payments from borrowers—at least
in the short run, when borrowers lack experience with the contract—there seems to
be little competitive incentive to offer it. This creates a catch-22: borrowers will not
learn the benefits of structured payments if lenders never introduce such contracts, but
there may be little incentive for their introduction. Our context may thus be a case of
“veiled paternalism” from |Laibson| (2018) turned on its head: principals do not embed
commitment into contracts in a manner that is not obvious to agents, benefiting the
principal at their expense.

While the Mandates versus Choice design enables us to estimate a range of important
treatment effects, our experiment was not designed to identify preferences or pin down
specific mechanisms. We make some progress nonetheless. We find that borrowers who
are sure they will recover their pawn drive the positive TUT effect, despite having a 42%
default rate under the status quo. We show this pattern can be rationalized by a simple
model in which the state-contingent features of the structured payments contract interact
with overconfidence. Overconfident borrowers do not demand structure, but benefit most
when it is mandated because their optimism is misplaced.

These results open promising directions for future research. First, it would be fruit-
ful to test whether repeated experience with structured payments increases demand for
them and reduces overconfidence’l Whether increased demand would be sufficient to
overcome lenders’ incentive to profit from default remains an open question. Second,
following a growing misperceptions literature, one could test whether providing informa-
tion about true default probabilities increases demand for structure. Third, collecting
in-depth measures of preferences could help separately identify the roles of present bias
and overoptimism and permit more definitive welfare conclusions. Given the scale of
pawn lending worldwide, our findings suggest that relatively simple changes to contract

design could benefit millions of borrowers.

3"Empirical research shows overconfidence can persist in investing (Barber & Odean, |2001), manage-
ment (Huffman et al., 2022), expert performance (Heck et al.l [2024]), and household forecasting (Stango
& Zinman| 2020)), and can be supported by motivated beliefs and selective/distorted memory (Bénabou
& Tirole, 2002; Huffman et al., |2022), asymmetric updating (Eil & Raol 2011)), cognitive uncertainty
(Enke & Graeber), [2023), and noisy feedback (Moore & Healy, |2008]).
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ONLINE APPENDIX: Structured Payment in Pawnshop

Borrowing: Mandates vs. Choice

Francis J. DiTraglia ; Craig McIntosh ; Isaac Meza ; Joyce Sadka ;

Enrique Seira

A Additional materials

Figure OA-1: Contract Terms Summary, and Promise Slip

LENDER P 90040250
PAGOS MENSUALES CON PENALIDAD POR ATRASO NUM. CONTRATO  ######
12:11:07pm
Recuerde refrendar o desemperiar en dias habiles y antes de la fecha limite
s N

DATOS DEL CONTRATO

FECHA 25 de marzo de 2011 FECHA VENCIMIENTO
TITULAR Y/O COTITULAR:  Enrique Seira 25 de junio de 2011
DIRECCION Rio Hondo 1, Progreso Tizapan
IDENTIFICACION IFE BaaHHERaRHRERRRIRASY NUM. REFRENDOS: 998Bolsa #######
\ J
Vs s Z - *C (S B
DESCRIPCION W MUTUO/PRESTAMO AVALUO ( SOLO PAGO EN EFECTIVO
Pulsera TJ Gueci oro comb $2,380.00 $3,370.00 Interés mensual %
IVA Int 16% %/IVA
Oro 10k - 21.1gr Gtos. Oper: 12.00  %/Avaltio
Stos. 1 12. b/
Grms 1.1 Rmo. Al Smo AL M 3 1 ~ o Moratorios 0.26 %/Dia Adic.
- J
N
PENALIDAD: Estoy de acuerdo con que si me CALENDARIO DE PAGOS:
atraso en mi pago mensual, me cobraran 2% FECHA PAGO
del valor de mi pago y este cobro se agregara a 25/04/2011 $ 914.88
mi deuda. 25/05/2011 | 91488
N\ zoe0nn |5 giass)
NOMBRE PIGNORANTE

AL DESEMPENAR

This figure is a sample receipt that was given to clients that got assigned to the structured-payments contract (the font
and some aspects of format were changed to protect Lender’s P identity). We want to highlight the salience of some items.
First the title clearly indicated which contract the client has (arrow 1). Second, in the case of the structured payments
contract it clearly indicates that there is a fee for paying late equivalent to 2% of the value of the monthly payment (arrow
2). Third, there is a calendar for payments clearly specifying the dates and amounts to pay each month.
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Figure OA-2: Weekly default rates experimental branches and all branches
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The above figure shows the weekly default rates for our experimental sample, and for 4 years after our
experiment. We show that the default rates in the experimental sample are not atypical.

Figure OA-3: Behavior of borrowers who lost their pawn.

(a) Elapsed days to first payment (b) Elapsed days to last payment
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This figure provides more details on the behavior of clients who were assigned to the control group and
did not recover their pawn. Panel (a) shows a histogram of days elapsed from the pawn to the first
payment, while panel (b) displays a histogram of days elapsed until the last payment. Some borrowers
make payments after day 105, the end of the grace period: if they pay all interest owed, they can “restart”
the loan. This amounts to starting a new loan with the same conditions and same pawn. Panel (c) shows
a histogram of the fraction of the loan paid, while panel (d) presents a barplot of the number of times
that borrowers went to the branch to make payments.
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Figure OA-4: Determinants of choice.
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This figure shows estimated coefficients and standard errors from a multivariate OLS regression that
predicts an indicator for take-up of structured payments using the specified covariates for borrowers in
the choice arm. Overall, our baseline survey variables are relatively weak predictors of contract choice.

A.1 Censoring

Some loans in our sample are “censored” in that they continue beyond our observation
period. For these loans, we do not know whether the borrower ultimately defaulted or
recovered her pawn. We have also shown that one effect of the forcing arm is to accelerate
repayment, meaning that it is less likely for loans in this arm to be censored. This issue
is illustrated in Figure which shows the CDF of loan completion (either default
or recovery in Panel (a)) and loan recovery (Panel (b)) by the number of days since first
pawn. Two features of these graphs are salient for our analysis. The first is the extent to
which loan outcomes are observed more quickly in the mandatory structure arm. This
is primarily due to the substantially higher rate of repayment of Mandatory structure
loans at 120 days (15 pp higher than the other arms). The second is the very low rate at
which loans are recovered in any arm after 120 days. In the 180-320 day window loans are
largely dormant, suggesting that many of the censored loans will in fact end in default.
The confluence of censoring and a treatment effect on censoring is potentially prob-
lematic from an experimental point of view. The approach taken in the headline results
is a conservative one in that it inherently assumes that all of the loans outstanding at
the end of the observation window will be repaid, making it so that the acceleration of
payment observed in the Mandatory arm does not translate mechanically into the that
treatment decreasing default. Nonetheless, to be certain that this issue is not driving
our results we conduct a bounding exercise to understand how large the effects of this

problem can possibly be.
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One way of considering the effect that this issue could have on our results is to make
extreme assumptions about the outcome of these loans in the treatment and control so as
to bound the possible influence of censoring. In Table |[OA-1| we compare the Mandatory
and Control arms, bounding the censoring issue by reversing assumptions about the
outcome of censored loans in the treatment versus the control. Panel B provides the lower
bound for the treatment effect (closest to zero) by assuming censored control loans are
always repaid and treatment loans never are; even in this lower-bound case the treatment
effect is cost-reducing and significant at the 1% significance level. Panel C estimates the
upper bound by making the reverse assumption. Comfortingly, even with these extreme
assumptions the significance on the main treatment effects never flips and treatment
effects on financial cost and interests payments remain negative and significant in all
scenarios. So there appears to be no scope for the censoring issue to overturn our main
results.

Finally, Panel E of this table conducts a logit prediction model that uses all of the
available information on payment behavior for loans that were completed to predict the
outcome of loans that were not. This is a “best guess” of the outcome on censored
loans. Using this prediction, we replicate the main experimental results and find that
the treatment effect on financial cost increases from -183 (main results) to -234 (censored
loans predicted), and the CR from -6% to -8%. Hence, while the censoring issue does
have an effect on the magnitude of our estimated treatment effects, these checks confirm
that (a) the core results are fully robust to censoring, and (b) the headline approach that

we take to the issue is conservative and likely understates the true magnitude of impacts.
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Table OA-1: Bounding censoring

FC Interest pymnt Principal pymnt Lost pawn value — Default CR
Panel A:  Control = 0 Mandatory structured = 0
) ) 3) (4) (5) (6)
Mandatory structured —-213.2%** -154.3%%* -1.62 -91.3%** -0.077FF* - -0.076%**
(53.8) (44.8) (3.15) (34.5) (0.025)  (0.014)
Observations 3724 3724 3724 3724 3724 3724
R-sq 0.008 0.007 0.000 0.003 0.006 0.025
Control Mean 989.9 593.4 5.96 396.5 0.44 0.45
Panel B : Control = 0 Mandatory structured = 1
(7) (8) (9) (10) (11) (12)
Mandatory structured —-166.8%** S171. TR -0.055 -27.6 -0.0016  -0.050%***
(55.6) (44.2) (3.43) (35.6) (0.027) (0.016)
Observations 3724 3724 3724 3724 3724 3724
R-sq 0.005 0.009 0.000 0.000 0.000 0.009
Control Mean 989.9 593.4 5.96 396.5 0.44 0.45
Panel C : Control = 1 Mandatory structured = 0
(13) (14) (15) (16) (17) (18)
Mandatory structured —-292.5%** -106.9%** -3.35 -218.1%4* S0.21%FF (11
(56.8) (40.7) (3.27) (33.5) (0.024) (0.016)
Observations 3724 3724 3724 3724 3724 3724
R-sq 0.014 0.004 0.000 0.017 0.044 0.040
Control Mean 1069.2 545.9 7.69 523.3 0.57 0.48
Panel D :  Control = 1 Mandatory structured = 1
(19) (20) (21) (22) (23) (24)
Mandatory structured —-246.1%** -124.2%%% -1.79 -154.4%F* -0.13%%%F 0.085%**
(58.5) (40.1) (3.54) (34.6) (0.026)  (0.018)
Observations 3724 3724 3724 3724 3724 3724
R-sq 0.009 0.006 0.000 0.008 0.018 0.020
Control Mean 1069.2 545.9 7.69 523.3 0.57 0.48
Panel E:  Prediction with lasso-logit model
(25) (26) (27) (28) (29) (30)
Mandatory structured —-234.9%*%* -135.2%%% -1.94 -132.1%%% S0.12%8F_0.082%**
(56.7) (42.5) (3.46) (34.3) (0.025) (0.016)
Choice -7.02 6.88 -1.83 -15.5 -0.027 0.0059
(67.4) (52.2) (3.42) (35.5) (0.023)  (0.019)
Observations 6304 6304 6304 6304 6304 6304
R-sq 0.007 0.005 0.000 0.005 0.010 0.019
Control Mean 1034.5 563.4 7.69 471.2 0.52 0.47

Given the censored loans, i.e. loans that have not finished by the end of the observation period, we
estimate ‘a la Manski’ bounds for these loans, meaning that we impute all loans to either default= 1
or recovery= 0 depending on the treatment arm. Different panels perform different imputations for
the censored loans for all possible combinations for the imputation, and computes the ATE for the
same outcomes of Table Panel A, for instance, assumes that all outstanding loans are fully payed.
Panel B is the most conservative imputation since it assumes all outstanding loans in the control arm
are repaid, while all the outstanding loans in the mandatory structured arm end in default. Panel C,
on the other hand, is the most optimistic scenario opposite to that of Panel B. Panel D assumes all

remaining loans default. The last panel makes the imputation to the censored loans according to the
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best prediction using a piecewise lasso logit model for default. In particular, we build two logit models
with lasso regularization, depending on whether the loan duration is less than 220 days (two cycles) or
more than 220 days. For prediction we use the former whenever the last recorded payment was done
within 220 days, and the latter otherwise. Both models includes loan characteristics (loan size, branch),
and payment behavior (loan duration so far, days to first payment, % of first payment, % of payments
at 30, 60, 90, and 105 days, and % of interest payed at 105 days), but the latter model also includes %
of payments at 150, 180, and 210 days. This predictive model achieves an accuracy rate of 92% both
in-sample and out-of-sample. Note that in all panels we maintain significant results for Financial Cost

as dependent variable, and even in the most conservative scenario (Panel B).

Figure OA-5: Survival graph.
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This Figure shows the CDF of loan completion either default or recovery in Panel (a), or loan recovery
in Panel (b), by the number of days since first pawn.

Figure OA-6: Percentage of loan paid overtime (by experimental arm)
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This figure shows the accumulated percentage of recovery in time in the vertical axis against the days
since the pawn loan was taken, separately by treatment arm. It also displays the coeflicients and standard
errors from four separate regressions comparing the means of treatment and control arms at 35 days,

65 days, 95 days and 110 days (using only observations from those days, regress % of payment vs a
treatment dummy).
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A.2 Robustness accounting for other costs

Table OA-2: Effects on more comprehensive cost measures

FC FC (subj.value) FC + tc FC - interest FC (subj.value) + tc - int
(1) (2) (3) (4) (5)
Mandatory structured —-183.0%** -292 8%** -182.8%** -107.1%0%* -168.4%*
(50.9) (89.9) (52.6) (38.5) (81.1)
Choice -11.9 -30.7 -1.30 -31.2 -28.3
(56.6) (90.9) (59.1) (39.9) (78.7)
Observations 6304 6304 6304 6304 6304
R-squared 0.005 0.004 0.005 0.002 0.002
Control Mean 942.4 1389.9 1026.1 480.7 927.7
CR CR (subj.value) CR + tc CR - interest CR (subj.value) + tc - int
(6) (7) (8) (9) (10)
Mandatory structured —-0.062*** -0.10%%* -0.058%** -0.040%** -0.053**
(0.012) (0.023) (0.015) (0.013) (0.023)
Choice -0.0011 -0.020 0.0059 -0.024** -0.028
(0.013) (0.020) (0.017) (0.012) (0.020)
Observations 6304 6304 6304 6304 6304
R-squared 0.016 0.009 0.011 0.003 0.002
Control Mean 0.43 0.65 0.50 0.23 0.49

This table augments the measure of financial cost presented in Table [3] with measures of transaction
costs, subjective costs, and adjustments for liquidity costs. Panel A reports financial cost in pesos, while
Panel B shows CR. Columns (1) and (6) replicate our previous results for comparability. Columns (2)
and (7) of Table use the subjective value of the pawn reported by the borrower rather than its
appraised value. Columns (3) and (8) adjust for self-reported transport costs per visit plus an entire
day’s wage, both multiplied by the number of visits that each individual made@ Columns (4) and (9)
adjust to consider the liquidity cost. Finally, columns (5) and (10) include all three changes together.
The main takeaway from the table is that results are quite robust to including a much expanded measure
of costs. Standard errors are clustered at the branch-day level.

A.3 Lender Profit

Here we present further details of the lender profit calculation from Section |5.1] Fig-
ure [OA-7] presents results for the simple geometric model described in the body of the
text. This exercise assumes that the per-loan profit generated by a given borrower is

independent of her probability of returning to take out another loan.
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Figure OA-7: Profit difference Mandatory vs Control arm.
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The above figure shows the difference in profit Profit; , = ZtT:o 8" E{Financial Cost;|Contract = z} x
Pr(Repeat|Contract = z)! for the Mandatory vs Control contracts for different values of the discount
rate 0 and time horizon T

We now present results from two exercises that relax the independence assumption.
Let X, denote per-loan lender profit, assumed time-invariant, and let R;; € {0,1} be
an indicator for returning after period ¢. Because we cannot observe R;; for t > 2, we
assume a time-invariant return propensity F;. For contract Z; = z, the lender’s expected

profit is
T

U, =E|X;> (6P)" | Z; = z|.

t=0
Note that this expression does not assume independence between X; and P;.
Our first approach to allowing dependence between X; and P; is as follows. Let

n; = logit(P;) and assume that

X; = Bo + BzZi + aLi + &
ni = o+ azZ; +bL; + (v +v27Zi) X;
Li ~ N(0,1) L X ~ N(0,0%).

In this model the common latent variable L; creates dependence between X; and n; =
logit(F;). We estimate this model by GSEM (linear X; equation and Bernoulli-logit for
R; 1), fixing Var (L;) = 1 for identification, and using adaptive likelihood integration with
cluster-robust SE We then form P; = logit™ (#;) and estimate W, by the sample
mean of X; ZtTZO ((5@)'5 within treatment arm z. To compute the difference across arms,

ANt
we regress X; Zfzo (5]31-) on arm indicators.

39We estimate the variance 0% from the first equation and the logit equation has a fixed error variance.
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Our second approach bounds W, by fixing the marginals of (X;, P;) and maximiz-
ing /minimizing E [Xi >, (5B)t | Z; = z} over all possible dependence structures. The
comonotone coupling (sorting X and P in the same order) provides the sharp upper
bound. The counter-monotone coupling (sorting X and P in opposite orders) provides
the sharp lower bound. We take the empirical distribution of X; in each arm and specify
a parametric logit-normal margin for P; with dispersion o calibrated to our data. Specif-

ically, we set o = 0.15, which equals three times the implied standard deviation from our

joint structural model from above.

Figure OA-8: Bounding lender’s profit.
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Figure [OA-§| plots the structure versus status quo difference in ¥, across discount
factors 0 and time horizons T' for both exercises described above: the joint latent model
and the bounding approach. Regardless of which approach we use or which discount rate

or time horizon we assume, lender profits remain lower under the structured contract.
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A.4 Personal promise results

Table OA-3: Effects of Promise on Financial Cost

Components of FC

FC Interest pymnt Fee pymnt  DefxPpl pymnt Lost pawn value Default CR
> PL S P 1(Defy) x>, P§  1(Def;) x Value-Loan; 1 (Def;)
(1) (2) (3) (4) (5) (6) (7)
Promise Mandate -18.0 -20.3 - 3.45 2.31 0.0086 -0.0074
(63.2) (55.4) (4.48) (38.8) (0.026) (0.015)
Promise Choice -87.2 -69.9 - 2.76 -17.3 0.00033 -0.010
(54.1) (45.5) (3.71) (35.2) (0.024) (0.012)
Observations 5144 5144 5144 5144 5144 5144
R-squared 0.001 0.001 0.000 0.000 0.000 0.000
Control Mean 942.4 545.9 5.96 396.5 0.44 0.43

A.5 Repawning

We now estimate equation [7] with different dependent variables. In column 1, the de-
pendent variable indicates, for each borrower in the experiment, whether he/she pawned
again after the first loan in the experiment (up to the end period of our data set 338
days after the experiment began). The result is that the likelihood of repeat business
increases by 6.7%. While this appears to be prima facie evidence of greater satisfaction
among borrowers in the mandatory arm, the interpretation is complicated by the fact that
monthly payments may themselves trigger more borrowing to pay them. Note that from
the lender’s perspective, why repeat pawning happens may not be as important as the
fact that it happens. Illiquidity does not seem to drive this result, given that the effect on
re-pawning comes after 90 days (during the period of contract demanded payments) and
not before (see columns 2 and 3). Column 4 only considers new loans that use different
collateral from that of the initial one. We do this to foreclose the explanation that those
in the Mandatory arm, being more liquidity-constrained, return to pawn a second pawn
to be able to pay the monthly payments of their first loan. We cannot reject a zero effect
on pawning a different collateral. Column 5 focuses on the (endogenous) subsample of
those recovering their pawn in both arms of the experiment. This means that both arms
have recovered their pawn and could re-pawn if they so wish, and also that the liquidity
demands from the monthly contract are no longer there as the contract has been closed.
We find that the difference between the mandatory structure contract and the status quo
is even larger in this subsample, with the former having 11pp higher likelihood of being

a repeat client during our sample period.
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Table OA-4: Effects on Repeat Pawning

Ever pawns again (ITT)

After 90 days

Within 90 days

Different collateral

Cond. on rec

(1)

(2)

3)

(4) (5)

Mandatory structured — 0.067* 0.037*** 0.032 0.044 0.11%*
(0.035) (0.013) (0.027) (0.030) (0.047)
Choice 0.040 0.0098 0.030 0.038 0.057
(0.031)  (0.0087) (0.026) (0.028) (0.042)
Observations 4441 4441 4441 4441 2170
R-squared 0.003 0.006 0.001 0.002 0.008
Control Mean 0.32 0.020 0.30 0.30 0.35

This table estimates the specification of equation [7|but at the level of the borrower (not the loan). Each
column represents a regression with a different outcome variable. In column 1, the dependent variable
indicates, for each borrower in the experiment, whether he/she pawned again after the first loan in the
experiment (up to the end period of our data set 338 days after the experiment began). Column 2 is
analogous, but only pawning after 90 days of the first loan is considered. Column 3 instead considers
pawning before 90 days. Column 4 is analogous to column 1 but focuses on the pawning of a gold piece
that is different from the one in the first experimental loan. Column 5 is analogous to column 1, but
conditioning on the sample that recovered the first loan. Standard errors are clustered at the branch-day

level.
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Table OA-5: Baseline survey questions (translated to English)

Baseline Survey

1 Your pawn was:
(a) Inherited, (b) a gift, (c) bought by me, (d) lent to me, (e) other

Where 0 is impossible and 100 is completely certain

Civil Status
(a) married, (b) single, (c) divorced, (d) widowed
7  Work status
(a) employed, (b) own business, (c) homemaker, (d) don’t work, (e) retired, (f) study

(a) no formal education, (b) primary, (c¢) middle school, (d) high school, (e) more than high school

(a) yes (b) no

(a) always, (b) very often, (c) sometimes, (d) never

What is the main reason you want to pawn?

(a) Need the money because somebody in my family lost his/her job
(b) Need the money to pay for a sickness in the family

(c) Need the money for an urgent expense

(d) Need the money for some non urgent expense.

12

(a) very stressed, (b) somwhat stressed, (c) a little stressed, (d) not stressed

(a) better, (b) similar, (c) worse

(a) yes (b) no

(a) NO___ (b) 1-2 times ___ (c) 3-5 times____ (d) More than 5____

(a) I would only give him the money for an urgent expense

(b) I would give him the money even if it was not an urgent expense
(¢) I would not give him/her the money regardless

(d) No one would ask me for my money

(a) always, (b) very often, (c) sometimes, (d) never
19 Do you have other items you could pawn?
(a) yes (b) no

(a) yes (b) no

(a) yes (b) no

(a) yes (b) no

25 How much does your family spend in a normal week? $_ _ pesos
26 How much do you manage to save in a normal week? $______________ pesos

(a) never, (b) almost never, (c) sometimes, (d) very often

(a) rent? (b) food (c)food (d) medicine (e) electricity (f) heating (g) telephone (i) water

(a) yes (b) no

Translation of the baseline questionnaire. Highlighted questions were used in our causal forest exercises.
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B Identification Arguments

This section gives a formal derivation of the identification results presented in Equations
—(@ of Section . To simplify the presentation, we omit ¢ subscripts throughout and
present derivations that do not explicitly condition on pre-treatment covariates. Because
Z; is assigned independently of pre-treatment covariates, however, all of the derivations
presented below also hold conditional on X under Assumptions from the body of
the paper[] For convenience we work with the following implication of these three

assumptions.
Assumption 4 (Randomized Choice Design and Exclusion Restriction).
(1) Z is independent of (Yo, Y1, C)
(1) D =1(Z #2)Z + 1(Z =2)C
(ii) Y = 1(Z =0)Yo + 1(Z = 1)Y1 + 1(Z = 2)[(1 — C)Y, + CY]
Lemma 1. Under Assumption [{],
(i) E(D|Z=2)=P(C=1)
(i) E(Y|Z = 0) = E(Y)
(i) BE(Y|Z =1) = E(Y1)
() E(Y|D =0,Z =2)=E(Y|C =0)
(v) EY|D=1,Z=2)=E|C =1).

Proof. Part (i) follows because Z = 2 implies D = C and Z is independent of C. Parts
(ii) and (iii) follow similarly: given Z = 0 we have Y = Y{, given Z = 1 we have Y =Y},
and Z is independent of (Yp, Y;). For parts (iv) and (v), first note that Assumption [4] (iii)
implies that Z is conditionally independent of (Yp, Y7) given C. Now, Z = 2 implies that
D =0 if and only if C' = 0. Hence, E(Y|D =0, Z = 2) = E(Y,|C = 0) establishing part
(iv). For part (v) Z = 2 implies that D = 1 if and only if C' = 1 from which it follows
that B(Y|D =1, Z = 2) = B(Y;|C = 1). O

Proposition 1. Under Assumption
E(Y|Z=2)-E({Y|Z=0)

(i) TOT=E(Y; - %|C = 1) =

E(D|Z = 2)
i) TUT =By - yjo =0 = 2= DBz =2)

40Since our exclusion restriction is an individual-level assumption Y;(d, z) = Y;(d) for all i, it automat-
ically holds for any subgroup defined by X.
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E(Y|Z =0)-E(Y|Z=2,D =0)

(iii) ASB=TE(Y|C =1) — E(Y,|C = 0) =

E(D|Z = 2)

Proof. Parts (i) and (iii) we require an expression for E(Yy|C' = 1) in terms of (Y, D, Z).
By Lemma [1fii) and iterated expectations

E(Y|Z = 0) = E(Yy) = B(Y,|C' = 0)P(C = 0) + E(Y,|C = 1)P(C = 1).

Re-arranging and substituting Lemma [I|i) and (iv),

E(Y|Z=0)-E(Y|Z=2,D=0E(l-D|Z=2) .
E(D|Z = 2) ' (8)

E(%|C=1) =

Part (i) follows by combining (§) with Lemma [I[v) and simplifying; part (iii) follows by
combining (§) with Lemma [Ifiv) and simplifying. Similarly, for parts (i) and (iv) we
require an expression for E(Y;|C' = 0) in terms of observables. By Lemma [Ifiii) and

iterated expectations,
EY|Z=1)=E(Y;) = EY|C =0)P(C =0)+EY;|C =1)P(C =1).

Re-arranging and substituting Lemma [I|i) and (v),

E(Y|Z=1)-E(Y|Z=2,D=1ED|Z=2)

EM|C=0)= E(1-D|Z =2) ' ®)

Part (ii) follows by combining (9) with Lemma [Ifiv) and simplifying; part (iv) follows by
combining (9) with Lemma [I[v) and simplifying. O

C Testable Implications of the Exclusion Restriction

Let Yy = Y(0,0) and Y; = Y(1,1) denote the potential outcomes under mandatory
treatment: Yy is the potential outcome when assigned to the status quo contract and Y;
when mandated to the structured contract. Further let Yy, = Y(0,2) and Y; 2 = Y'(1,2)
denote the potential outcomes under free choice of treatment: Y} o is the potential outcome
when choosing the status quo contract and Y; o when choosing the structured contract.
Using this notation, the exclusion restrictions upon which our TUT and TOT results rely
are Yp = Yy and Y} = YLQ.@ Without imposing these, Assumption (iii) becomes

Y =1(Z=0Yo+ LZ=1)Y; +1(Z =2)[(1 - O)Yp2+ CY1,]

' While we assume Y;(d, z) = Y;(d) in the body of the paper for simplicity, our derivations only rely
on these two equalities.
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but parts (i) and (ii) continue to hold. Accordingly, parts (i)—(iii) of Lemma [l| are

unchanged, while parts (iv) and (v) become
EY|D=0,Z=2)=E(Y2C=0), EY|D=1,7Z=2)=EY.|C=1).
Using these expressions, the testable restrictions we consider here are as follows:

E(Y|C = 0) = E(Yp2|C = 0) (10)
E(Y;|C = 1) = E(Y;.|C = 1). (11)

Because they refer to different groups of people—choosers versus non-choosers—either of
and could hold when the other is violated. For this reason we consider each in
turn. Our approach is closely related to arguments from |[Huber & Mellace| (2015) and
DiTraglia & Garcia-Jimeno (2019), among others.

Consider first (L0). Let p=P(C = 1) = P(D = 1|Z = 2) denote the share of choosers
in the population. This value is point identified regardless of whether the exclusion
restriction holds. Because Z was randomly assigned, a fraction p of borrowers with Z = 0
are choosers while the remaining (1 — p) are non-choosers. It follows that, regardless of
whether the exclusion restriction holds, the observed distribution of Y'|Z = 0 is a mixture
of Y5|C' = 0 and Yp|C' = 1 with mixing weights (1 — p) and p. This allows us to construct
a pair of bounds for E(Yy|C' = 0) as follows. The non-choosers must lie somewhere in the
distribution of Y|Z = 0. Consider the two most extreme possibilities: they could occupy
the bottom (1—p) x 100% of the distribution or the top (1—p) x 100% of the distribution.
For this reason, computing the average of the truncated distribution of Y|Z = 0, cutting
out the top p x 100%, provides a lower bound for the average of Y, among non-choosers.
Similarly, cutting out the bottom p x 100% provides an upper bound. Let y(ffp denote
the (1 — p) quantile of Y|Z = 0 and yg denote the p quantile of the same distribution.

Using this notation, the bounds are given by
E(Y]Z=0Y <y ) <ENW|C=0)<E(Y]Z=0Y>qy)

These bounds do not rely on the exclusion restriction. Under Equation [I0] however, we
know that E(Yy|C' = 0) = E(Y|D = 0,7 = 2). Therefore, if the exclusion restriction for

non-choosers holds, we must have
E(Y[Z=0Y <yl )<EY[D=02=2<E(Y|Z=0Y>4)). (12)

Equation|12{provides a pair of testable implications of . If either inequality is violated,

then the exclusion restriction for non-choosers fails. In our experiment, p = If’(D =11Z =
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2) = 0.11. For the CR outcome we estimate
E(Yer|Z =0, Yor < yhso) = 037, E(Yor|Z =0, Yor > y0;) = 0.46.

Since E(Yer|D = 0,Z = 2) = 0.43 falls between these bounds, we find no evidence
against the exclusion restriction for non-choosers. The same result holds for the financial
cost outcome: results available upon request.

We can use an analogous approach to construct testable implications for yielding
E(Y[Z=1Y <y))<EY|D=1Z=2)<E(Y|Z=1Y >y ). (13)

where yllj and pr are the p and 1 — p quantiles of the distribution of Y|Z = 1. If either
inequality is violated, then the exclusion restriction from Equation [11] fails. Again, in our

experiment p = 0.11. For the CR outcome we estimate
E(Y|Z=1Y <yjyy) =006, E(Y|Z=1Y > ypg) = 0.82

Since E(Yer|D = 1,Z = 2) = 0.33 falls between these bounds, we find no evidence
against the exclusion restriction for the choosers. The same holds for the financial cost

outcome: results available upon request.

D Estimation and Inference

D.1 Regression-based Estimation

In this appendix we derive simple, regression-based estimators of the TOT, TUT, ASG,
ASL, and ASB effects. Let Zy = 1{Z =0}, Z; = 1{Z =1}, and Z, = 1{Z = 2}. Under
standard regularity conditions, the following proposition shows that an IV regression of
Y on an intercept, Z; and Z, D with instruments (1, Zy, Z;) provides consistent estimates
the ATE and TOT, while an IV regression of Y on an intercept, —Zy and —Zy(1 — D)

with the same instrument set consistently estimates the ATE and TUT effects.
Proposition 2. Under Assumption

(1)) Y =EY,)+ ATEX Z1 + TOT x Zy3D + U

(i) Y =EY))+ ATEXx —Zy+ TUT x —Z5(1 —= D)+ V
where E(U|Z) = E(V|Z) = 0.

Proof of Proposition[d. For part (i), since ZoD = Z,C and (Zo+7Z1+7Z5) = 1, Assumption
(iii) implies Y = Yy + Z1 (Y1 — Yo) + Z2D(Y1 — Yp). Now define

U =[Yo - E(Y) + Z1[(Y1 — Yo) — ATE[ + 2. D[(Y; — ¥,) — TOT].
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Since ZyD = Z,C and Z is independent of (Y7, Yy) by Assumption [ (i), it follows that
E(U|Z) = Z,E[C{(Y1 — Yy) — TOT} |Z]. Thus, by iterated expectations,

E[C{(¥; ~ Yo) — TOT} |Z) = P(C = 1) [E(Y; — Y|C = 1) — TOT] = 0

since Z is independent of (Yp, Y7) given C, an implication of Assumption {4 (i).
For part (ii), since Zy(1 —C) = Zy(1 — D) and (Z; + Z3) = 1 — Zy, Assumption 4] (iii)
implies Y =Y — Zy(Y1 — Yy) — Z2(1 — D)(Y; — Yy). Define

V = [V — E(V1)] - Zo[(Yi — Yo) — ATE] - Zy(1 - D)[(Yi — Yp) — TUT).

Since Zy(1 — D) = Zy(1 — C) and Z is independent of (Yp,Y)) by Assumption M| (i),
E(V|Z) = —Z,E[(1 — C) {(Y1 — Yy) — TUT} | Z]. Thus, by iterated expectations,

E[(1 - C) {(Y; — Y;) — TUT} |Z] = P(C = 0|Z) [E(Y; — Y,|C = 0) — TUT] = 0

since Z is independent of (Yp, Y7) given C, an implication of Assumption {4 (i). m

Since ASG = TOT — TUT, the preceding proposition provides a consistent estimate
of the ASG effect. The ASB effect, E(Yy|C = 1) —E(Yy|C = 0), can likewise be estimated
by taking the difference of coefficients across two linear IV regressions with no intercept

and instrument sets (Zy, Z2), as shown in the following proposition.
Proposition 3. Under Assumption [/

(i) (1—=D)Y =E(Yy) x Zo+ E(Ys|C =0) x (1 —D)Zy+ U,

(i) (1 —=D)Y =E(Yy) x (Zo+ Z3) + E(Yo|C =1) x —=DZy + Uy
where E(Uy|Z) = E(U,]Z) = 0.

Proof. Assumption (4| (ii) implies (1 — D) = Zy + Z»(1 — C). Hence,
(1=D)Y = ZyYo+ Zo(1 — O)[(1 — C)Yo + CY1] = ZoyYo + Z2(1 — )Y,

by Assumption (iii), since Z]2 = Z; for any j and Z;Z;, = 0 for any j # k and, similarly,
(1-C)*=(1-C)and C(1 - C) = 0. Therefore, since Zy(1 — C) = Zy(1 — D),

(1=D)Y = ZoYo + Z2(1 — D)Yo, (1—=D)Y = (Zo + Zo)Yo + (—DZ2)Y,.
Now, define

Uo = Zo[Yo — E(Yo)] + Z2(1 = D)[Yo — E(Yo|C = 0)]
Uy = (Zo + Z2)[Yo = E(Y0)] + (= 22D)[Yo — E(Yo|C = 1)].
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Since Z5(1 — D) = Zy(1 — C), and Z is independent of Yy,
E(Uo|Z) = Z:E[Yo — E(Y|C =0)[C=0,Z] =0

by iterated expectations and the fact that Z is conditionally independent of Yy given C.

Since ZyD = Z,C, a nearly identical argument gives
E(U1|2) = ~Z,E[Yy — E(Y|C = 0)|C = 1,2] = 0. O

The final result in this section implies that the ASL effect, E(Y;|C' = 1)—-E(Y;|C = 0),
can be estimated as the difference of coefficients across two linear IV regressions with no

intercept and instrument set (27, Zs).

Proposition 4. Under Assumption [},
(i) DY =E(Y) x (Z1 + Z3) + E(Y4|C =0) x (D —1)Zy +
(i) DY = E(Y1) x Z1 + EMW1|C =1) x DZy, + W)

where E(Vy|Z) = E(W1]|Z) = 0.

Proof. By Assumption [l D = Z; + Z,C'. Hence, by Assumption [4] (iii),
DY = Z,Yi + Z:C[(1 = C)Yy + OYi] = Z1Yi + ZoCY4

because Z]2 = Z; for any j and Z;Z;, = 0 for any j # k and, similarly, (1—C)? = (1-C)
and C'(1 — C') = 0. Therefore, since Z5(1 — C) = Z»(1 — D),

DY = (Z1+ Zo)Y1 + Zo(D — 1)Y1, DY = Z1Y) + ZyDY;.
Now, define

Vo = (Z1 + Z2)[Y1 — E(W1)] + Zo(D — 1)[Y1 — E(Y3|C = 0)]
Vi=2Z1[Y1 - EW)] + Z.D[Y1 - E(V1|C = 1)].

Since Z5(1 — D) = Zy(1 — C) and Z is independent of Y7,
E(Vp|Z) = —Z,E[Y; — E(Y;|C = 0)|C =0,2] =0

by iterated expectations and the fact that Z is conditionally independent of Y] given C.

Since ZyD = Z,C, a similar argument gives
EW|Z) = ZElY, —EW|C =1)|C=1,Z] =0. O
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D.2 Inference for ASG, ASB, and ASL

We now explain how to carry out cluster-robust inference for the ASG, ASB, and ASL
effects, as implemented in our companion STATA package. Each of these effects can be
expressed as a difference of coefficients from two just-identified linear IV regressions. The
ASG effect is the difference of the TOT and TUT effects from Proposition [2 Similarly,
the ASB effect is the difference of E(Yy|C' = 1) and E(Y|C' = 0) from Proposition [3 while
the ASL effect is the difference of E(Y;|C = 1) and E(Y;|C' = 0) from Proposition 4]
Within each pair of IV regressions the outcome variable and instrument set is identical,
only the regressors differ. Since our estimators of all three effects share the same structure,
our discussion abstracts from the specific regressors and instruments used in each case.
Let ¢ = 1,...,G index clusters and ¢ = 1,..., N, index individuals within a par-
ticular cluster g. In our experiment, a cluster is a branch-day combination and the
experimentally-assigned treatment (control, mandatory, or choice arm) is assigned at
the cluster level. We assume that observations are iid across clusters but potentially
correlated within cluster. Now consider a pair of just-identified linear IV regressions

90 + Uig and Yz‘g = X/

given by Vi, = X 0,ig

Lig 0, + Vi, with common instrument vec-
tor Wy, Stacking observations in the usual manner, e.g. W, = Wy, --- WNQQ}
and W/ = [W’l W’(;} we can write the preceding equations in matrix form as
Y =X0; +U and Y = Xy0¢ + V with instrument matrix W. Now, the IV estimators

for 6, and 6, can be expressed as

6, = (WX,) "WYY =6, + (WX, WU
0, = (WXy) ' WY =6, + (WX, WV,

By our experimental design and exclusion restriction, W, is independent of U;, both
unconditionally and conditional on cluster size. Hence, by a standard argument and
under mild regularity conditions, the following expression provides a consistent, cluster
robust estimator of Avar(6; — )

ISR = 7 |Sow Suv| | (W)

Avar(0; — 0y) = [(W'Xy) ™" —(W'Xo) ] | o R

Svv Svv] [~ (XoW)

where we define the IV residuals ﬁg =Y, — Xl,gél and V\g =Y, — XO,gOAO along with
the matri/c\esASUU = ZQG:1 W;ﬁgﬁgwg, Suv = 25:1 W’gﬁgV’gWg, and finally Sy =
Z_(,G:l W, V,VIW,. In our application the number of clusters, G, is large. If desired,
an ad hoc degrees of freedom correction can be applied by multiplying the associated
standard errors by /G /(G —1).
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E Further Details on Fan & Park (2010) Bounds

In this appendix we provide details on estimation and inference for the bounds on the
distribution of treatment effects from Section[6.1} [ As shown in [Fan & Park] (2010)), for
any fixed § the sharp bounds for Fa(8) are [F(6), F(5)] where

F(0) = maX{O,sgp Fi(y) — Fo(y — 9)}, F(0) =1+ min{0, irylf Fi(y) — Foly — 9)}.

These bounds can be improved by accounting for covariates. Define F(§|X = z) and
F(§|X = z) by replacing Fy and F; with Fy(:|X = x) and Fi(:|X = ) in the definitions
from above. Then the sharp bounds for Fa(d) become {]E {F(6|X)}, E {F(5|X)H

In Section [6.1] and Figure we adjust for day of week and branch dummies to
tighten the bounds. Because these covariates are discrete, inference is relatively straight-
forward. Let {xk}szl be the support set of the discrete covariate vector X, where K is
finite. Define pp, = P (X = xy). Write mgpy = P (D =d | X = ). As above, let Fy (- | zy)
be the conditional CDFs for the potential outcomes. For a fixed 4, define

FO|X=x)= Sl;-p{Fl (Y| oe) = Fo(y—0|xn)},
yri(6) = arg max {Fi(y|zx) — Fo(ly—0|xp)}.

The unconditional lower bound with covariates is F(0) = E[F (6 | X)] = S5 peF (8 | 21).
Under standard regularity conditions, we have \/n(£(8)— F(8)) == N (0, V;(8)) for each

fixed 0, where the asymptotic variance is given by

Vi(6) =Var(F(5 | X)) + E lFl (y2(X,0) | X) (1 — F (yr(X,0) | X))]

m1(X)
Fo (yo(X,0) =0 [ X) (1 — Fo (y (X, 0) — ] X))]
mo(X)

‘E [
and corresponding plug-in estimator

VL(5) = Zﬁkﬁ (5 | iUk)2 - <Z]§kﬁ(5 ’ l’k))

Var[F (5] X)]
) Ey (o | xy) (1 — Fy (o | xk)) Fo (Go — 0 | ) (1 — Fo (e — 90 | ka))
+ 2Dk — + —~
. T1k Tok

For the upper bound replace y; with yy(x,0) = argmin {Fi(y | z) — Fo(y — 6 | =) }.

42We provide a STATA package implementing these methods, which can be installed as follows:
net install fan park, from(https://raw.githubusercontent.com/isaacmeza/fan park/main)
replace
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Figure OA-9: Fan & Park bounds for benefit in CR%.

A : Treatment effect

—— Lower bound —— Upper bound

This figure depicts the [Fan & Park| (2010) bounds on the distribution Fa of individual treatment effects
A = (Y1 — Yp), described in Section for the CR outcome. The dark red curve and light red shaded
region give the estimated upper bound function F for Fa and associated (pointwise) 95% confidence
interval. The dark blue curve and light blue shaded region give the estimated lower bound function F'
for Fa and associated (pointwise) 95% confidence interval. Confidence intervals are computed using the
asymptotic distribution for the bounds. Evaluating the bounds at § = 0, we see that between 29% and
96% of borrowers have a positive individual treatment effect.

Figure OA-10: Distribution of treatment effects for CR benefit under rank invariance.

5)du

v 6

J(F()-Fo ()

This figure shows the CDF of individual treatment effects under the assumption of rank invariance,
computed from Fa () = fol 1{F ' (u) — Fy*(u) < 6} du where F; " and F; ' are the quantile functions
of Y7 and Yj.
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E.1 Baseline Results for Survey Respondents

Table OA-6: Effects on Financial Cost by selected subsample of survey respondents

Components of FC

FC Interest pymnt Fee pymnt  DefxPpl pymnt Lost pawn value Default CR
>, PL >, PY 1(Def;) x 3, P§ 1(Def;) x Value-Loan; 1 (Def;)
1) (2) (3) (4) (5) (6) (7)
Mandatory structured —-163.3*** -119.6** 30.6%*%* -0.38 -74.3%* -0.078%** -0.067***
(59.4) (46.7) (1.74) (3.58) (36.6) (0.027) (0.012)
Choice -4.88 10.7 1.67%%* 0.25 -17.2 -0.047* -0.0046
(64.7) (56.6) (0.31) (3.32) (35.6) (0.025) (0.014)
Observations 5037 5037 5037 5037 5037 5037 5037
R-squared 0.004 0.004 0.134 0.000 0.002 0.004 0.018
Control Mean 916.1 526.4 0 4.75 389.7 0.44 0.42
CATE subsample v v v v v v v
(8) (9) (10) (11) (12) (13) (14)
Mandatory structured —-147.2%*%* -107.3*%* 31.2%%* -0.33 -71.1% -0.076%** -0.064***
(56.5) (44.4) (1.80) (3.71) (37.3) (0.027) (0.013)
Choice -7.37 9.89 1.74%%* 0.14 -19.0 -0.051%* -0.0069
(60.7) (53.6) (0.32) (3.43) (35.8) (0.025) (0.013)
Observations 4837 4837 4837 4837 4837 4837 4837
R-squared 0.003 0.004 0.136 0.000 0.001 0.004 0.016
Control Mean 911.3 519.8 0 4.90 391.6 0.45 0.42
Survey subsample v v v v v v v

Baseline experimental results for the subset of borrowers with survey variables used in the estimation of
CATEs (Top panel) and respondents of any survey question (Bottom panel).

F Testing for Heterogeneity and Calibration

Here we provide details for the tests for heterogeneous treatment effects and calibration
applied in Section above. If the treatment effects Y;; — Y;q are constant across i, then
we must have

ATE(X;) = E[Y;1 — Yjo|Xi] = E[Y; — Yjo] = ATE

for any covariates X; that vary across i. If, on the other hand, ATE(X;) can be predicted
using some scalar function 7(-) of X;, then the average treatment effect function is not
constant so there must be treatment effect heterogeneity.

We operationalize this idea using a two-step approach proposed by Chernozhukov
et al| (2018). We begin by randomly dividing the participants in the forced arms of
the experiment (Z; # 2) into two groups: a training set and a test set. These sets
are constructed to ensure that all observations from a given branch-day cluster are allo-
cated to the same set. This avoids inferential problems that could arise from correlated
unobservables within clusters.

In the first step, we apply the generalized random forest approach of Athey et al.

(2019) to the training set to estimate two proxy predictors: ¢ (- | Training) approximates
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the untreated potential outcome function, E[Y;y | X;| = E[Y; | Z; = 0, X;], while 7(- |
Training) approximates the ATE function

ATE(X;) =E[Y; | Z; = 1, X,] - E[Y; | Z; = 0, X;].

The proxy predictors need not be unbiased or even consistent estimators of the functions
they aim to approximate: the goal is merely to find a scalar function of X; that accurately
predicts ATE(Xj).

In the second step, we fit a linear regression model on the test set using regressors
constructed from the proxy functions (- | Training) and 7(- | Training) obtained in the

first step. In particular, we estimate
Yi=ao+ a1t + 51 (Zi - E[Zz]) + B2 (Zi — E[Zz]) (Ti - ]E[Tz]) + &, (14)

where ¢; = (X, | Training) and 7, = 7(X; | Training) (in practice we implement
centering with test-sample means)m

As shown by |(Chernozhukov et al.| (2018)), the coefficients 5 and 5 from identify
the best linear predictor of the conditional ATE based on 7(- | Training). If treatment
effects are homogeneous we must have f5 = 0. Rejecting this hypothesis establishes that
7; predicts ATE(X;) and hence that A; varies. Because 7; and v; are learned on the
training set and do not depend on the test-set outcomes, inference for the regression in
(14)) is straightforward conditional on the Training/Test split.

Our estimate for 3, is 1.96 with a heteroskedasticity-robust (HC3) standard error of
0.32. Thus we easily reject the null hypothesis of homogeneous treatment effects. The
same regression allows us to test the calibration of our causal forest model. If the model
is correctly calibrated, (; should equal the unconditional ATE. We are unable to reject
the null hypothesis that the two are equal "]

G Causal Forest Details

G.1 Estimation

To estimate the conditional average treatment effects shown in Figure |3| from our survey
and administrative data, we use the grf R package. This package implements special

cases of the “generalized random forest” approach of|Athey et al. (2019). In broad strokes,

43This is a slightly simpler regression than the one proposed in equation (3.1) of |(Chernozhukov et al.
(2018), which involves propensity score weights. Because the random assignment of Z in our experiment
does not condition on X, the propensity score weights in our case are constant over X and drop out.

44Using the grf package, we implement a version of the calibration test that is parameterized slightly
differently. Under correct calibration, the parameter §; = 31 /ATE should equal one. Our point estimate
is 1.01 with a standard error of 0.12.
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they combine a large number of regression trees that recursively partition the covariate
space to estimate conditional average effects. The trees are “honest” in that observations
used to determine the optimal partition are not used to estimate effects, and vice-versa.
While closely related to more familiar “regression-tree” random forests, the generalized
random forest approach explicitly targets the parameter of interest—a conditional ATE
or TUT/TOT estimand—when choosing the optimal covariate partition.

We use the causal forest() function to estimate CATE effects and the related
instrumental forest () function to estimate CTUT and CTOT effects. In each case, we
use the default parameter values from the grf package with one exception: we increase
the number of trees from the default value of 2000 to 5000{] When estimating con-
ditional average treatment effects based on our experimental data, we use observations
for all borrowers who answered at least part of the intake survey. The survey measures
used in this analysis are indicated in Table We impute the median response for
the missing values, while also including an indicator whether the variable originally had
a missing value. Results are similar if we manually include interactions between the
original /imputed variable and an indicator for missingness. This is as expected, as that

tree-based methods automatically consider interactions of arbitrary orders.

G.2 Inference

We use a Bayesian bootstrap approach to carry out inference summary measures con-
structed from our heterogeneous treatment effect estimates in Figure ﬁ] For simplicity,
we describe our inference procedure in terms of the CATE, rather than separately for
all of the conditional average effects we estimate, but the logic is identical in each case.
Similarly, we focus on inference for the share with a negative conditional average effect,
both because this is our main question of interest and because the procedure is identical
for other thresholds: simply replace 0 with 0 in the expressions below.

As above, let 7(z) = E[Y; — Yy | X = 2| be the CATE when X = z. Since X is a
random variable in the population, 7(X) likewise has a population distribution. Denote
the CDF of this distribution by F, and the density by f,. Our goal is to carry out

inference for the fraction of individuals in the population who have a negative CATE:
p= F.(0) = P(r(X) <0).

Using our causal forest estimator 7(-) of 7(-) described above, we construct the following

45For more detail on implementation, see Athey et al| (2019) and the grf documentation: https:
//grf-labs.github.io/grf/,
4See Hardle et al| (2025) for uniform inference results in this setting.
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plug-in estimator of p
1 n
D = — ]1 A_l' Xz < O y
p= L LX) <0

where the subscript —: indicates that, when evaluating the estimated CATE function at
X, we average only over those trees for which X; was not used in the estimation sample

(out-of-bag). Our full bootstrap procedure is as follows:

1. Draw cluster weights (Bayesian Bootstrap). Let ¢ = 1,...,G index clusters
and n, be cluster sizes. Draw (V4, ..., V) ~ Dirichlet(cy, . .., ag) with ay = n, for
an individual-weighted estimand. Set unit weights w; = :9—8 and normalize so that

g(e

2. Estimation (keep honesty and clustering). Fit the GRF on the original sample
using the weights from Step 1 to obtain :

ﬁ(b) = Zwil {7A‘(7g(i)) (Xi) < O}
=1

3. Repeat. Repeat steps 1-2 for b= 1,..., B to obtain {p(®}2 .

4. Inference. Form a confidence interval for p from the empirical quantiles of {p®}

(percentile Bayesian Bootstrap CI).

The Bayesian Bootstrap includes all clusters every draw with randomly drawn weights,
giving smoothing estimates of the target parameter across bootstrap samples, especially
when G is modest. These weights can be directly plugged into the grf estimation func-
tion via the option sample.weights. Our approach respects the clustered design while
avoiding the instability that standard cluster resampling can introduce in tree splits and
OOB predictions. While we use this approach to produce pointwise confidence intervals
with valid Frequentist coverage, our inferences may also be given a Bayesian interpre-
tation if desired: they are posterior probabilities under a nonparametric prior over the

empirical support.

H Can we target paternalism accurately?

In this appendix, we evaluate the performance of a feasible targeting rule that assigns
contracts to borrowers based on their observed covariates, using the causal forest approach
from Section [6.2l We ask whether it is possible to achieve better aggregate outcomes by
assigning structured repayment to only those borrowers predicted to benefit from it.
The answer depends on how well our covariates predict treatment effects. But if the

goal is to develop a targeting protocol that could be applied in the real world settings, we
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must limit ourselves to covariates that are either verifiable or hard to manipulate. This
leaves us with only age, gender, high school education or above, desired loan size, and
whether that individual has ever pawned before. We call these the “narrow” covariate set,
to contrast them with the full set of survey variables, which we call the “wide” covariate
set. Figure |[OA-11|compares CATEs estimated using the wide covariate set—the same as
in Figure [3] from Section [6.2}—against those estimated using only the narrow set.

Figure OA-11: Conditional ATEs from “wide” and “narrow” covariate sets.

R-squared : .042

F.2

Narrow forest

Wide forest
-1 0 R 2

This figure plots the relationship between the causal forest conditional ATE estimates from Section
that use the “wide” set of covariates (all intake survey responses) and those based on a restricted
“narrow” set of covariates (age, gender, HS education, and previous borrowing). The outcome variable
is CR benefit in percentage points, i.e. CR multiplied by -1.

To explore the performance of targeting, we treat CATE estimates based on the wide
covariate set as ground truth. We then construct a dummy variable that equals one if a
given borrower has a positive CATE estimate based on the wide covariate set. We then
attempt to predict this dummy variable using the narrow covariate set. We consider two
approaches: a simple logistic regression model and a random forest classification model.
We then consider the in-sample performance of targeting rules based on these two models

against a policy of universal mandated structure.
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Table OA-T7: Type I & II errors using targeting narrow rules

Rule % incorrectly % incorrectly Overall Error Rate
assigned to control assigned to treatment

All to Status-quo 96.97 0 96.97
All to Structure 0 3.03 3.03
Optimal 0 0 0

Narrow rule (RF) 0.26 1.09 1.35
Narrow rule (Logit) 0.57 1.34 1.91
Allow choice 99.21 26.79 91.02

This table reports error rates for six rules that allocate borrowers to structured repayment.

Table [OA-T] reports error rates for six rules that allocate borrowers to structured
repayment. Row 1 assigns all borrowers to the status quo (control); Row 2 assigns all
borrowers to structure; Row 3 implements optimal targeting based on the CATE from
the wide covariate set (ground truth for this exercise); Rows 4 and 5 implement optimal
targeting best on the random forest and logit classifiers, respectively, trained on the
narrow covariate set; and Row 6 implements borrowers’ own choices. Columns (2) and (3)
report mis-assignment rates: the shares incorrectly assigned to control and to treatment,
respectively. For rules that fix assignments (Rows 1-5), both columns use the full-sample
denominator, so the overall error rate equals their sum. For “Allow choice” (Row 6),
entries in Columns (2)—(3) are computed within the self-selected groups—non-choosers
and choosers, respectively—so the overall error rate is the sample-share—weighted average
ACTOSS Eroups.

While the narrow RF makes relatively accurate treatment assignments, it only im-
proves the overall correct targeting rate by about 1.7 percentage points relative to uni-
versal mandated structure. The Logit assignment rule is slightly less accurate, improving
on universal mandated structure by 1.1 percentage point. Self-targeting through choice
performs even worse than assigning everyone to the Status quo contract, given the low
take-up rate and the presence of both Type I and Type II errors in the choice arm.
Given the low take-up of structure, the high fraction of borrowers with positive estimated
CATEs, and the weak predictive power of the narrow covariate set, universal mandated

structure appears to be an attractive alternative to targeting in our context.

I Neoclassical and Behavioral Mechanisms

I.1 Learning

Table presents information about borrowers’ future pawning behavior as a function

of treatment assignment. Column (1) considers the 228 clients who returned only a second
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time to pawn again at a day/branch that was randomly assigned to the choice arm. Each
of the two rows in this column presents a difference of mean structure take-up rates, and
associated standard error. The first row compares those who were initially assigned to
mandatory structure against those who where were assigned to control; the second row
compares those who were initially assigned to the choice arm to those who were assigned
to the other two arms. In each case, there is no statistically discernible difference in
the rates of structured payment take-up. Granted, this is a selected sample because the
decision to pawn again is potentially endogenous to the initial treatment allocation. For
this reason, Column (2) considers the full sample of 4441 borrowers by re-defining the
outcome variable to be an indicator for returning to pawn again at a branch/day when
structure was offered and choosing structure. This composite outcome variable is not
subject to the sample selection problem (although it is directly driven by the decision to
borrow again). The comparison in the two rows remains the same: mandatory structure
versus control in row one and choice versus mandatory arms in row two. Again, there is
no statistically discernible difference in structure take-up rates in either row. While these
exercises cannot completely exclude the possibility that learning plays a role, they provide
no indication that the lack of voluntary compliance is simply a matter of inexperience

with structure.

Table OA-8: Effect of Prior Assignment on Subsequent Choice

Choose structure in t +1 Ever choose structure in ¢ + 1

t (1) (2)

Mandatory structured (ATE) -0.0047 0.00014
(0.048) (0.0027)
Choice (ITT) 0.034 0.0015
(0.057) (0.0030)
Observations 228 4441
R-sq 0.004 0.000
DepVarMean 0.092 0.0047

Column (1) reports results for the 228 borrowers who returned to pawn again at a day/branch that was
randomly assigned to the choice arm, enabling us to observe whether they chose structure or the status
quo contract. Each row presents a difference in mean structure take-up rates and associated standard
errors. The first row (ATE) compares borrowers who were initially assigned to mandatory structure
against those were assigned to the control condition. The second row (ITT) compares borrowers who
were initially assigned to the choice condition to those who were not. Whereas column (1) conditions
on the (endogenously) selected sample of borrowers who return to pawn again, column (2) considers the
full sample by re-defining the “outcome” to be an indicator for whether a borrower pawned again on a
day when choice was offered and chose structure.
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1.2 Discount rates

Figure OA-12: Financial benefit TUT effect for different discount rates.
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This figure re-estimates the treatment on the untreated (TUT) effect from Table [5] introducing a daily
discount factor in the definition of financial benefit. At a given annual discount rate in percentage points
(x-axis), the solid line gives the TUT effect with all costs and benefits converted to present value using
that discount rate, and the shaded regions show 90% and 95% confidence bands. At a discount rate of
zero, the estimate matches Table [l As seen from the figure, borrowers would need to face implausibly
high discount rates (above 1000% annually) to reverse our headline result.

1.3 Sure Confidence

Figure OA-13: Determinants sure confidence.
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The above figure shows the coefficients in a multivariate OLS regression of sure confidence among the non-
choosers. Sure confidence is a binary variable defined to be one when people report a 100% probability
of recovery.
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1.4 Counterfactual Outcomes for Non-Choosers

Figure OA-14: Estimating counterfactual outcomes for non-choosers, by overconfidence
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This figure uses our mandates-choice design to back out counterfactual outcomes (Financial Cost) for the
overconfident and the non-overconfident. Panel (a) shows the counterfactuals in the structured contract
arm. Panel (b) show this counterfactuals in the promise arm.

I.5 TuT partition by behavioral variables

Figure OA-15: Differences in TUT Estimated by behavioral variables: Promise Arms
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This figure replicates Figure [5| for financial cost using the Promise Arms rather than the Structured arm.
Error bars show 95% confidence intervals with standard errors clustered at the branch-day level.
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J The Effect of Structure on Prepayment

Figure OA-16: Comparing the Effect of Structure on Prepayment
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(a) Cumulative prepayments (b) Prepayments within a 7-day window

This figure shows that sure confident borrowers are more likely to react to mandated structure by repaying
than other borrowers. Each panel presents results from a regression of a prepayment indicator on an
indicator for being sure confident, an indicator for being assigned to the structured payments arm, and
their interaction. Panel (a) uses “made a prepayment by day x” as the outcome variable, while panel
(b) uses “paid at least one third of the loan in a 7-day window centered at day x”. The solid line gives
the estimated coefficient for the interaction effect—the difference in causal effects of mandated structure
across borrower types—while the shaded regions indicate associated pointwise 90% confidence intervals.

K A Model of Overconfidence in Pawnshop Loans

This appendix presents a stylized model of how borrower beliefs interact with structured
repayment contracts. The model shows why sure confident borrowers may respond more
strongly to mandated structured payments, and why they may have a correspondingly
larger TUT effect.

There are three periods. In the first period each borrower is assigned a contract:
structured repayment or the status quo. In the second period, each borrower chooses
whether to make a prepayment (P = 1) or not (P = 0). The amount of the prepayment
is fixed at k for all borrowers. In the third period, the outcome is realized: the borrower
either recovers her pawn (R = 1) or defaults (R = 0).

If the borrower makes a prepayment, her objective probability of recovery is IIy; if she
does not make a prepayment, it is IIy. The borrower’s subjective probabilities of recovery
are II, if she does not prepay and II; if she does. If the borrower recovers, she experiences
a net continuation utility of . We normalize her continuation utility to zero in default.

Prepaying k in period two lowers the amount due in period three by (1 + i)k, where
1 is the one period interest rate. Prepayment is risky because all prepayments are lost

in default. Prepayment is also costly: in addition to the prepayment itself, the borrower
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also incurs a liquidity /hassle cost of u for making a prepayment in period two.

The structured contract introduces a fee f that the borrower must pay to recover
her pawn if she does not prepay. We interpret the fee to include both pecuniary and
non-pecuniary aspects that accrue only upon recovery—for example, the shame of facing
a cashier who knows you violated the loan terms. Crucially, the fee is state-contingent:
since borrowers who default cannot be made to pay, f only affects those who recover
without prepaying. Thus, a borrower who is confident that she will recover (high f[o)
perceives the fee as nearly certain if she forgoes prepayment, while seeing little risk of
losing a prepayment in default. This implies that borrowers most confident about recovery
may be most responsive to structure.

Utility is linear with no discounting. Let U (1) be the borrower’s subjective expected

utility from prepayment (P = 1), which does not depend on contract type:

Ul)= T+ 14k — (u+k).

Expected Prepayment Benefit  Prepayment Cost

Without prepayment (P = 0), subjective expected utility depends on contract type:
USQ(()) = IIov under the status quo versus Ustrues (0) = fIO(z/ — f) under structure.
To analyze prepayment decisions, define the subjective net benefit B as the per-

ceived gain from prepaying under status quo, excluding the liquidity cost u:

B=1L{v+ (1+i)k] —k — yv.

Define the subjective penalty A = USQ(O) — [7Struct(0) — I, f as the utility loss from
not prepaying under structure. We assume that II, > 0, implying A > 0. In words:
borrowers believe that recovery is possible even without prepayment.

A borrower prepays whenever her perceived net benefit exceeds the liquidity cost .
Under the status quo contract, this net benefit is B, so she prepays when B > u. The
structured contract makes prepayment more attractive: by prepaying, a borrower gains
the baseline benefit B and averts the penalty A. Thus, under the structured contract
she will prepay if B + A > . Now define the prepayment potential outcomes:

PSQ = H{B > u} and  Psiruet = ﬂ{B + A > /JJ}

Since A > 0, we have Pgguet > Psq. In words: there are no borrowers who prepay under
the status quo but not under structure.

This monotonicity result leaves us with three borrower types: never-payers have Psq =
Pstruet = 0, always-payers Psq = Psiruer = 1 have, and switchers have Psgruee > Psq. Only
switchers respond to mandated structure. By definition, switchers have liquidity costs
in the interval p € [B, B+ A) Call this the switcher interval. Since A = II,f > 0,
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the width of the switcher interval is positive; even borrowers who believe prepayment
has no causal effect on recovery (1:11 = 1:[0) can be induced to prepay, depending on their
liquidity cost.

Note that our model implies no borrower would choose structure in period one: since
ﬁSQ(O) > UStruct(O), the status quo weakly dominates from the perspective of subjective
expected utility. This is by design: our model applies to the 89% of borrowers who
did not choose structure in our experiment, as its purpose is to elucidate TUT effectsﬂ
Although these borrowers do not choose structure, this does not imply that mandating
it would reduce their welfare. Choices are based on subjective beliefs (ITy,IT;) while
welfare depends on objective probabilities (Ily, IT;). When beliefs are incorrect, mandated
structure can improve outcomes even for those who would never select it.

To match our comparison of TUT effects using the baseline survey, call a borrower
“sure confident” if she is subjectively certain she will recover her pawn regardless of
prepayment: II; = I, = 1. Despite believing prepayment has no effect on recovery, sure
confident borrowers may still respond to structure. For the sure confident we have Bsure =
ik, Ague = f. Thus, a sure confident borrower is a switcher if p € [ik,ik 4+ f). The
switcher interval is in fact widest for the sure confident, since A = Il f is maximized when
I, = 1. In words: sure confident borrowers expect the fee to hurt them more because
they are subjectively certain that they will recover without prepayment. Moreover, sure
confident borrowers do not perceive prepayment to be risky: since they are sure they
will recover their pawn, they do not fear losing a prepayment in default, simplifying their
perceived net benefit of prepayment to ik. Under conditions given in Appendix [[] this
is lower than the perceived net benefit for other borrowers. Under plausible assumptions
on the distribution of pu, these two effects imply that the mass of switchers is highest
among sure confident borrowers. Not only do they respond to structure, they may in fact
respond more than other borrowers.

Prepayment choice depends on subjective beliefs (1:[1, l:[()), but treatment effects de-
pend on objective probabilities (II;,1I5). We assume that structure affects neither prob-
abilities nor beliefs—it merely introduces the fee f. Thus, prepayment fully mediates the
causal effect of structure on recovery and the conditional average treatment effect for a
borrower with beliefs (ITy, IT) is

CATE(ﬁ(), 1:[1) = ]P(Switcher|ﬁ0, 1:[1) X E(Hl — Holﬁo, 1:[1, SWitChGI'), (15)

this is the product of the share of switchers among borrowers with these beliefs, and the

average causal effect of prepayment on recovery for those switchers@

4TThe 11% who chose structure may have considerations outside our framework, such as sophisticated
time-inconsistency or a taste for novelty.

48Since no one chooses structure in our model, the ATE coincides with the TUT. Only switchers
contribute to treatment effects; always-payers and never-payers have zero effect.
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For sure confident borrowers to experience positive treatment effects, two conditions
must hold. First, there must be a positive mass of switchers among the sure confident.
This was established above. Second, prepayment must improve recovery (II; > Tlj)
among the sure confident despite their belief to the contrary. Given that 42% of sure
confident borrowers in our experiment defaulted under the status quo, many were clearly
overconfident. Combined with their higher share of switchers, this provides a potential
explanation for why sure confident borrowers appear to have a larger TUT effect.

Under our model, mandated structure has heterogeneous welfare effects. Always-
payers are unaffected because they prepay regardless of contract type and hence never
incur the fee f. Never-payers who recover are harmed: they incur the fee f because
structure cannot change their prepayment decision. For switchers, welfare effects depend
on belief accuracy. Under correct beliefs (I, = IIy, II; = IT;) mandated structure is
unambiguously harmful, inducing suboptimal prepayment. Let B denote the objective
net benefit, namely

B=1Lv+ (1 +i)k] — k — ILyv.

Under incorrect beliefs, structure is welfare-improving when B < p < B, that is when
prepayment is optimal, but the borrower would not choose to prepay under the status quo,
given her beliefs. The gap between subjective and objective net benefits (B < B) that
is required for mandated structure to yield welfare gains can arise from overconfidence

about baseline recovery (f[o > Ilj) or underestimation of prepayment efficacy (II; > ﬁl).

L When do the sure confident respond most?

In this addendum to our structural model from Appendix above, we present sufficient
conditions under which the mass of “switchers” is highest among sure confident borrowers.
Suppose that the interest rate i, the prepayment amount k£ and the continuation utility v
are fixed. Let liquidity costs p be independent of beliefs and have density g on R, . For
a belief type (ﬁo, ﬁl) define the subjective net benefit B and penalty A as above:

B(ﬁo, 1:[1) = ﬁl[V —+ (1 =+ Z)k] — k — ﬁoy, A(ﬁo) = ﬁof
The mass of switchers among borrowers with beliefs (ﬁo, ﬁl) is given by
-~ e~ SO -~ b+6
5(Tlo, ) = P(B(flo, 1) < < B(Tlo, ) + A(Tlo) ) = /b g(u) d,

adopting the shorthand b = B(ﬁg,ﬁl) and 6 = A(ﬁg). For sure-confident borrowers
(ITy,I1;) = (1,1), so we have b = ik and § = f.
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Uniform Liquidity Costs. Suppose that p ~ Uniform(0, M) where M is sufficiently
large that b +§ < M for all belief types. Then s(ﬁo,ﬁl) = /M. Since 6 = f[of is
maximized when IIy = 1, it follows that s(1, 1) > s(TTo, 1:[1) for all other belief types, with
strict equality for II # 1.

Decreasing Density and Belief Restriction. Alternatively, suppose that g is strictly

decreasing on R, and that beliefs satisfy

(1= Tk < (I, — ) (11+Z> v

for all borrowers. The left-hand side is the borrower’s expected period-two loss from mak-
ing a prepayment; the right-hand side is her expected period-two gain from prepayment.
In words, setting liquidity concerns aside, the harm a borrower expects from possibly los-
ing a prepayment is no greater than the benefit she expects from making it. Under this
condition, we have B(flo, fIl) > ik implying there is no belief type with a lower subjective
net benefit of prepayment than the sure confident. Thus, when evaluating j;)bJ”S g(p)dp
for different belief types, b is smallest and 4 is largest for sure confident borrowers. (Recall
that 0 = IIof.) Since g is strictly decreasing, it follows that s(1,1) > s(Ily, 1) for all
other belief types.

Online Appendix References

Athey, Susan, Tibshirani, Julie, & Wager, Stefan. 2019. Generalized random forests.
Ann. Statist., 47(2), 1148-1178.

Chernozhukov, Victor, Demirer, Mert, Duflo, Esther, & Fernandez-Val, Ivan. 2018.
Generic machine learning inference on heterogeneous treatment effects in randomized
experiments, with an application to immunization in India. Tech. rept. National Bureau

of Economic Research.

DiTraglia, Francis J. & Garcia-Jimeno, Camilo. 2019. Identifying the Effect of a Mis-
classified, Binary, Endogenous Regressor. Journal of Econometrics, 209(2), 376-390.

Fan, Yanqin, & Park, Sang Soo. 2010. Sharp bounds on the distribution of treatment
effects and their statistical inference. Econometric Theory, 26(3), 931-951.

Héardle, Wolfgang Karl, Huang, Chen, & Khowaja, Kainat. 2025. Uniform Inference for
Generalized Random Forests. Available at SSRN 4079006.

Huber, Martin, & Mellace, Giovanni. 2015. Testing instrument validity for late identifica-
tion based on inequality moment constraints. The Review of Economics and Statistics,
97(2), 398-411.

35



	Introduction
	Context
	Pawnshop borrowing
	Pawning Logistics and Contracts
	Measuring Borrowers' Financial Costs

	Experiment, Data and Stylized Facts
	Treatment arms and randomization
	Data
	Stylized facts
	No differential selection or imbalance

	The Mandates versus Choice Design
	Results
	Basic Treatment Effects and Take-up
	Estimating Treatment Effects by Contract Choice

	Is Anyone Hurt by Structure?
	Bounding the Distribution of Individual Treatment Effects
	Conditional Average Treatment Effects via Causal Forests

	Why Does Paternalism Work?
	Present Bias
	Overconfidence
	Modeling the Role of Overconfidence
	Discussion of Behavioral Mechanisms and Welfare

	Conclusion
	Additional materials
	Censoring
	Robustness accounting for other costs
	Lender Profit
	Personal promise results
	Repawning

	Identification Arguments
	Testable Implications of the Exclusion Restriction
	Estimation and Inference
	Regression-based Estimation
	Inference for ASG, ASB, and ASL

	Further Details on Fan & Park (2010) Bounds
	Baseline Results for Survey Respondents

	Testing for Heterogeneity and Calibration
	Causal Forest Details
	Estimation
	Inference

	Can we target paternalism accurately?
	Neoclassical and Behavioral Mechanisms
	Learning
	Discount rates
	Sure Confidence
	Counterfactual Outcomes for Non-Choosers
	TuT partition by behavioral variables

	The Effect of Structure on Prepayment
	A Model of Overconfidence in Pawnshop Loans
	When do the sure confident respond most?

