Mental Accounting for Credit:
Evidence from a Large-Scale Credit-Limit Experiment”

Sean Higgins' Raymond Kluender?
September 2026
Abstract

We develop a model of mental accounting for credit, in which consumers budget according to
non-fungible spending categories that govern their borrowing behavior. We test our model in a
randomized controlled trial (RCT) with Cashea, Venezuela’s largest consumer credit provider.
Cashea provides two distinct credit lines to all of its borrowers: one for grocery stores and
pharmacies, and one for all other retail merchants. We randomized 0%, 50%, or 100% credit-
limit increases on one or both credit lines for 210,000 active users. We estimate large, symmetric
same-category monthly marginal propensities to consume (MPCs) out of credit-limit increases
of 8-10 cents per $1 of additional credit, with near-zero cross-category MPCs, consistent with
mental accounting. We present five additional supporting results: (1) the results persist in
every post-treatment month; (2) the same-category MPCs represent an increase in total con-
sumption; (3) the results hold separately for both constrained and unconstrained borrowers;
(4) there are no subgroups who treat the relaxation of the budget constraint fungibly; and (5)
the results hold separately for each sub-category of consumption within each credit line. We
conclude that consumers mentally account for credit, with economically large effects on bor-
rowing and the allocation of spending across categories, as well as important implications for
the regulation of financial technology and the effects of monetary policy.
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1 Introduction

Consumer credit finances a large and growing share of global consumption. Consumer borrow-
ing has important macroeconomic consequences: excessive borrowing can cause recessions (Mian,
Sufi, and Verner, 2017) and financial crises (Miiller and Verner, 2024), while the marginal propen-
sity to borrow mediates the effects of expansionary monetary and fiscal policy (Agarwal, Chom-
sisengphet, Mahoney, and Stroebel, 2018; Auclert, 2019).

Yet we know little about how consumers decide how much to borrow and which purchases
to finance with debt. Mental accounting—or the idea that consumers budget according to non-
fungible spending categories—has long been recognized as a driving force behind consumption
decisions (Thaler, 1985, 1990, 1999), but there is limited work on whether mental accounting
shapes borrowing decisions.

The ideal experiment to test for mental accounting for credit requires three elements. First,
it requires observing which spending categories comprise the mental account associated with
a credit line. Studies of mental accounting for income rely on restricted-use income such as
food vouchers (Chorniy, Finkelstein, and Notowidigdo, 2025; Hastings and Shapiro, 2018); with
general-purpose credit, the corresponding accounts are difficult to observe and likely heteroge-
neous across consumers. Second, even in an analogous setting for credit with category-specific
credit lines, testing fungibility requires exogenous variation in category-specific credit limits. With-
out mental accounting, credit-limit increases can cause an increase in consumption due to binding
constraints (Gross and Souleles, 2002; Zeldes, 1989) or precautionary motives (Aydin and Kim,
2024), but spending should increase in all categories; in contrast, mental accounting predicts a
consumption increase only for the spending categories associated with the credit line. Third, it re-
quires measures of spending both on and off the credit line to distinguish changes in consumption
from payment-method substitution.

We run this experiment by randomizing category-specific credit limits for 210,000 consumers
in partnership with Cashea, the largest consumer lender in Venezuela. Cashea has more than
eight million users and an estimated 8% of Venezuela’s GDP runs through their platform. Ev-
ery Cashea user has access to two independent, dollar-indexed credit lines: one accepted only
at grocery stores, pharmacies, and restaurants (“grocery line”), and the other for clothing, home
goods, electronics, and other retail (“retail line”). We randomly assigned credit-limit increases of
0%, 50%, or 100% on the grocery line, the retail line, or both lines to 210,000 active users. We esti-
mate category-specific marginal propensities to consume out of these credit-limit increases using
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sure total spending in each category on and off the credit lines. We received 28,511 responses to
the follow-up surveys.

We develop a model of mental accounting for credit that generates testable predictions on the
effects of these category-specific credit-limit increases with and without mental accounting. Thus,
the model illustrates how the experiment is a test of mental accounting. Our model features a
two-category consumption-savings model with separate credit lines for each category, mirroring
our institutional setting. Future income is subject to exogenous shocks, and as a result people may
be dynamically constrained, which can lead them to increase consumption in response to a credit-
limit increase even if they are not statically constrained (i.e., already using their entire credit limit
in at least one category). Consumers form mental accounts around each category, which we model
following Farhi and Gabaix (2019) as a category-specific consumption target and a psychological
cost of deviating from the target. We develop a novel microfoundation for how these targets
change in response to a change in the category-specific credit limits. We treat a category-1 credit-
limit increase as a salient cue about category-1 consumption (i la Bordalo, Gennaioli, and Shleifer,
2020). The change in credit limits causes the consumer to re-optimize, but because re-optimizing
the full consumption portfolio is difficult, consumers solve a simpler single-good re-optimization
problem to set their new consumption targets, holding fixed their target in the other category—in
the spirit of similarity-based attention (Bordalo, Gennaioli, Lanzani, and Shleifer, 2025).

The model predicts that with mental accounting, consumers have a high psychological cost
of deviating from their targets and thus either do not change consumption (if they are not dy-
namically constrained) or increase their consumption in the category whose credit limit increased,
while holding fixed their consumption in the other category. Without mental accounting, as long
as the user is not statically constrained, there is no cost of deviating from the category-specific
targets and thus the user will re-optimize their consumption across both categories. Thus, in
the absence of mental accounting, a user will either not change consumption (if dynamic con-
straints have no chance of binding) or will increase consumption on both categories in response
to a category-specific credit line increase.

We find overwhelming evidence of mental accounting for credit: category-specific credit-
limit increases cause large same-category consumption responses but near-zero spillover effects
to other-category spending. In our central result, we estimate that a $1 increase in the grocery-line
credit limit increases monthly grocery-line purchases by 9.6 cents, a $1 increase in the retail-line
credit limit increases monthly retail-line purchases by 7.9 cents, and spillover effects to the other
categories are, in each case, an order of magnitude smaller (-1.0 cents for the grocery-line-to-retail
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arms, same-category MPCs are approximately linear: increasing a credit limit by 100% leads to ap-
proximately twice as large of a spending response as increasing it by 50%. Increasing both credit
limits leads to similar spending responses as the same-category responses to increasing only one
credit line. Given that our experiment increased credit limits by a large amount (50% or 100%) and
that roughly half of users’ grocery and other retail spending is done through Cashea, the same-line
MPCs represent meaningful changes to consumption: for example, increasing the retail-line limit
by 100% caused an increase in monthly consumption equivalent to 5.8% of income.

We provide five additional pieces of evidence in support of mental accounting for credit.

First, both the same- and cross-category MPCs are remarkably persistent and durable over
time—consistent with consumers permanently updating only their same-category consumption
targets and neglecting to fully re-optimize due to mental accounting. The same-category MPCs in
the first month of the experiment are nearly identical to the ten-month averages (0.079 vs. 0.096
for the grocery line and 0.064 vs. 0.079 for the retail line), which shows that the same-line effects
are both immediate and persistent. The cross-line spillovers are persistently an order of magni-
tude smaller, consistent with mental accounting. The point estimate of the grocery-line-to-retail
spillover is 0.009 and statistically insignificant in the first month of the experiment, while the
retail-line-to-grocery spillover is 0.013. Both cross-line MPCs are persistently near-zero and de-
cline slightly over time. We cannot reject that the grocery-line-to-retail spillover equals zero for
the first eight months, after which it is slightly negative and statistically significant. The retail-
line-to-grocery spillover is slightly positive and significant for the first four months, after which
we cannot reject that it equals zero.

Second, the same-category responses represent increases in total consumption rather than
payment-method substitution. If consumers simply shifted purchases they would otherwise have
made in cash onto the expanded credit line, spending on the line would rise with no change in to-
tal consumption. To distinguish these explanations, we use our follow-up surveys, which measure
spending in each category both on and off Cashea. The survey accurately replicates the outcomes
estimated using administrative data: we estimate same-category, on-Cashea MPCs of 0.065 for the
grocery line and 0.048 for the retail line (versus 0.096 and 0.079 in the administrative data, respec-
tively). Turning to the measures of spending off-Cashea, we find no evidence of payment-method
substitution: for both the grocery and retail lines, we estimate statistically insignificant, near-zero
effects of the credit-limit increases on both same- and cross-category off-Cashea spending. We
therefore interpret our results throughout as increases in overall consumption.

Third, the results cannot be explained by binding credit constraints. Without mental account-
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statically constrained (i.e., they exhaust the credit line and have no cash to reallocate toward that
category). Our participants are not: median baseline utilization is 16.8% on the grocery line and
12.0% on the retail line, and 74.0% of users typically spend cash on both categories. Given the pos-
sibility that static constraints could explain a zero cross-category spillover, we prespecified het-
erogeneity by tercile of credit utilization (separately by line) at baseline. While the same-category
MPC is higher for the most-constrained tercile, as we would expect, the cross-category spillover
is near-zero for all three terciles across both lines. The strong same-line response and near-zero
spillover for users in the first and second credit-limit utilization terciles, who are very far from
their constraints, is strong evidence of mental accounting. We additionally test heterogeneity by
self-reported credit constraints among baseline survey respondents, and again see large same-
category and zero cross-category MPCs even among users who report they are unconstrained.

Fourth, we find no subgroups with large cross-category spillovers in response to an increase in
one line’s credit limit, which contradicts standard models without mental accounting. We use ma-
chine learning and all baseline characteristics available in administrative data to test whether there
is any detectable heterogeneity in the zero or near-zero cross-category spillovers (Chernozhukov,
Demirer, Duflo, and Fernandez-Val, 2025), and fail to reject the null hypothesis of no heteroge-
niety. In contrast, we do find substantial heterogeneity in the large same-category consumption
responses. We conclude that any subgroups that we can identify using observable baseline char-
acteristics form mental accounts.

Finally, we test the assumption that the two credit lines represent mental accounts in the spirit
of Thaler (1985, 1999) and the two categories in our model. Each line bundles several different
types of merchants. The grocery line includes grocery stores, pharmacies, and restaurants, while
the retail line includes clothing, home goods, services, technology, tools, health, and sports. We
estimate merchant-category-specific MPCs separately for each of these ten sub-categories for both
same-line and cross-line credit-limit increases. We estimate positive and statistically significant
same-category MPCs for every single sub-category out of an own-line credit-limit increase. The
cross-line MPCs are near zero for all ten of the merchant categories, with no cross-line MPC ex-
ceeding 0.003. The same-category responses appear even for the most divisible sub-categories on
each line, such as groceries and clothing, indicating that indivisible durable purchases are not the
central driver of our results. These results provide evidence that users create mental accounts
around the categories Cashea assigns to each credit line, consistent with evidence from Read,
Loewenstein, and Rabin (1999) that consumers accept the brackets imposed upon them.

Our credit-limit increases induced large changes in the level and allocation of consumption.

Doubling the retail-line credit limit increased retail consumption by $28 per month (5.8% of monthly



income) with essentially no change in grocery consumption, and doubling the grocery-line limit
had a mirror-image effect. Given that these are short-maturity loans—consumers cannot delay
repayment far into the future or pull consumption forward indefinitely—the money for the addi-
tional consumption must come from somewhere. In our second follow-up survey, we measured
spending on categories not covered by either credit line, the stock and flow of savings, other debt,
income, and peer transfers. None changed significantly for the treated groups, and we cannot
isolate any universal source of funds for the additional spending. We can, however, rule out
meaningful average reductions in savings or increases in financial distress. Effects on past-due
loans are null or small, with the largest being a 1.1 percentage-point (5.5%) increase in 90+ day
delinquency in the arm that doubled both limits, and the credit-limit increases were profitable for
Cashea. Just 13.1% of treated participants report wishing they had spent less through Cashea.

Mental accounting for credit has important policy implications. First, there is a heated de-
bate over the rapid growth of technology-enabled, merchant-specific “buy-now-pay-later” loans,
with particular concern over the provision of credit for basic necessities like groceries and health-
care.! Our results suggest that expanding category-specific credit induces re-budgeting and higher
spending only within the expanded categories. Further, this higher spending is driven by men-
tal accounting rather than binding constraints. The welfare implications of expanding category-
specific credit (e.g., BNPL) thus depend on the marginal utility of increased spending only on the
categories of goods that can be purchased with that credit line—contrary to the predictions of
standard models that overlook this non-fungibility.

Second, mental accounting can dampen the effect of monetary policy pass-through. Marginal
propensities to borrow mediate effects of expansionary monetary policy (Agarwal, Chomsisen-
gphet, Mahoney, and Stroebel, 2018; Auclert, 2019), but shifts in the yield curve in response to
monetary policy are sometimes non-parallel, and changes to rates on different parts of the yield
curve affect rates of different credit products. Short-term rates pass through to credit-card in-
terest rates (Ausubel, 1991; Brauning and Stavins, 2025), while longer-term rates pass through
to auto-loan and mortgage rates (Beraja, Fuster, Hurst, and Vavra, 2019; Di Maggio, Kermani,
Keys, Piskorski, Ramcharan, Seru, and Yao, 2017; Scharfstein and Sunderam, 2016; Tran, 2025).
Without mental accounting, a decrease in auto-loan rates should increase consumption of both
cars and groceries, whereas with mental accounting, cheaper auto loans may only increase car
consumption. Furthermore, because utility is concave in the consumption of each good, the opti-

mal increase in overall consumption in response to a decrease in auto-loan rates is smaller when

1See, for example, The New York Times (August 2026), “‘Buy Now, Pay Later” Lenders Pitch Loans for Needs Like
Electricity and Rent.”
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mental accounting creates non-fungibility across categories.

Related Literature. Our finding—that mental accounting governs consumer borrowing decisions—
brings new evidence to three literatures.

First, we contribute to the literature on borrowing and consumption responses to credit sup-
ply. Experimental and quasi-experimental studies consistently find that consumers—including
those who are far from their limits and hold liquid assets—borrow significantly out of credit-limit
increases (Agarwal, Chomsisengphet, Mahoney, and Stroebel, 2018; Aydin, 2022; Garber, Mian,
Ponticelli, and Sufi, 2024; Gross and Souleles, 2002; Gross, Notowidigdo, and Wang, 2020). The
large responses of unconstrained consumers are a puzzle for models in which credit matters only
through liquidity constraints, and the literature has advanced two explanations: a precautionary
motive, under which consumers spend out of expansions to their buffer of unused credit (Aydin,
2022; Aydin and Kim, 2024; D’Acunto, Rauter, Scheuch, and Weber, 2020), and signaling, un-
der which consumers infer higher future income from the lender’s decision to extend credit (Yin,
2026). These studies examine general-purpose credit and do not observe what goods cash is spent
on. We randomize category-specific credit limits and measure spending on and off the platform,
which allows us to estimate how expansions to category-specific credit limits change the allocation
of consumption across categories. Because models without mental accounting predict spillovers
across categories while a model with mental accounting does not, the cross-category responses
in our experiment directly test whether consumers create mental accounts around each of their
credit lines.

Second, we contribute to the literature on mental accounting (K&szegi and Matéjka, 2020; Lian,
2021; Rabin and Weizsdcker, 2009; Thaler, 1985, 1990, 1999; Tversky and Kahneman, 1981). Em-
pirical evidence shows that consumers budget by spending category (Zhang, Sussman, Wang-Ly,
and Lyu, 2022) and violate fungibility of consumption across categories in response to restricted-
use income, price changes, and small windfalls (Chorniy, Finkelstein, and Notowidigdo, 2025;
Hastings and Shapiro, 2013, 2018; Milkman and Beshears, 2009). Mental accounting also affects
consumption responses to tax refunds versus tax payments due (Baugh, Ben-David, Park, and
Parker, 2021) and receipt of a new payment card (Boehm, Fize, and Jaravel, 2025; Gelman and
Roussanov, 2024), as well as portfolio choice (Choi, Laibson, and Madrian, 2009). In credit mar-
kets, mental accounting has been shown to affect debt repayment (Katz, 2023; Katz, Russel, and
Shi, 2026; Ponce, Seira, and Zamarripa, 2017), the choice of loan terms (Argyle, Nadauld, and
Palmer, 2020), and borrowing while coholding savings (Sussman and O’Brien, 2016). We build on

this work with an experimental test of whether mental accounting for credit affects the allocation



of consumption and borrowing across categories: we randomize the credit limits on category-
specific credit lines and find that consumers treat each line as a budget for its category, declining
to re-optimize across categories even when statically unconstrained.

Third, we contribute to a growing literature on fintech lending (Berg, Fuster, and Puri, 2022)
and BNPL credit in particular. For consumers, BNPL access increases total spending and shifts its
composition toward retail (Bian, Cong, and Ji, 2023; Di Maggio, Katz, and Williams, 2022). For
merchants, offering BNPL increases sales (Alok, Ghosh, Kalda, and Mitra, 2026; Berg, Burg, Keil,
and Puri, 2025). Recently, BNPL has drawn regulatory scrutiny over concerns about overborrow-
ing (deHaan, Kim, Lourie, and Zhu, 2024; Guttman-Kenney, Firth, and Gathergood, 2023), though
BNPL repayment histories can also improve lenders’ screening (Laudenbach, Molin, Roszbach,
and Sondershaus, 2025). This evidence is mostly quasi-experimental and comes from markets
where BNPL remains a small share of spending. We conduct a large-scale randomized evaluation
of BNPL credit limits with the dominant consumer lender in a market where BNPL intermediates
an estimated 8% of the country’s entire GDP. We show that the defining feature of BNPL credit—
its restriction to particular merchants and categories—shapes the allocation of consumption, not
because consumers are credit constrained but because they form mental accounts around their

credit lines.

2 Cashea and Consumer Credit in Venezuela

We partner with Cashea, the largest consumer lender in Venezuela. Historically, Venezuela had a
healthy consumer lending sector anchored by bank-issued credit cards. About 45% of Venezuelan
adults held a credit card in 2011, card receivables totaled $7.8 billion at the official exchange rate
in early 2012, and 90-day delinquency rates at the largest issuers were no more than 6%.> Over
the next decade, hyperinflation, reserve requirements, interest-rate caps, and requirements that
consumer loans be extended in rapidly depreciating bolivares effectively ended consumer lending.
By late 2022, total card credit outstanding had plummeted to roughly $16 million nationwide—just
2% of its value a decade earlier.3

Cashea filled this void in 2022 by launching dollar-indexed, interest-free installment loans
through merchant partners at the point of sale. Cashea has more than eight million users and
20,000 merchant partners spanning grocery stores, pharmacies, retail outlets, and service providers.

The Cashea app has been downloaded on more than half of smartphones in the country, processes

2Electronic Payments International (April 2012), “Venezuela: held back by uncertainty.”
3Reuters (February 2023), “Venezuelans say credit cards that were once lifeline now ‘useless’”; Rodner, Martinez &
Asociados, “Venezuela: Lending & Secured Finance Laws and Regulations 2026,” International Comparative Legal Guide.
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roughly 8% of Venezuela’s GDP, and is growing rapidly. Cashea’s consumer lending balance sheet
is larger than that of the entire traditional banking system. Consumers largely lack access to any
credit outside of Cashea: in our survey data, only 26.4% of users had recently used any other form
of credit, including personal loans, credit cards, store credit, other installment purchases, or loans
from a private lender, family member, or friend. Cashea’s position as the predominant consumer
lender in Venezuela allows us to observe an unusually granular and complete picture of consumer
borrowing and repayment behavior.

Cashea provides a standard installment-loan contract typical of large international buy now,
pay later (BNPL) lenders such as Klarna, Affirm, and Afterpay. To enroll, a consumer downloads
the Cashea app and creates an account. Cashea’s proprietary credit-scoring model uses alternative
data commonly used by fintech lenders (Berg, Burg, Gombovi¢, and Puri, 2020) to assign an initial
limit on each of two credit lines (described in more detail below), with only 2% of applicants
rejected. Credit limits and other loan terms change when a user moves up or down a “level” in
Cashea’s levels system, where all users start at level one and move up through six levels based on
repayment history and total purchase amounts. To make a purchase in-store or online at a partner
merchant, the consumer enters the purchase through the Cashea app, and also makes the down
payment directly to the merchant at the point of sale.

The merchant finances the loan and Cashea underwrites the risk, guaranteeing the merchant
against nonpayment.* The consumer makes the down payment at purchase and pays the remain-
ing balance in installments at 14-day intervals, typically over 14 to 42 days. Merchants pay Cashea
a small fee as a percentage of each transaction (similar to debit and credit cards in the US); 46.1%
of Cashea users we surveyed report that merchants pass the fee through to the purchase price.
Late payments trigger a $4 late fee, freeze both credit lines, and reduce future credit access even
after the borrower becomes current, by lowering the user’s level and associated limit. Conversely,
as users accumulate purchases and repay on time, they earn higher credit limits, lower required
down payments, and—at participating merchants—longer maturities.

Venezuela is functionally dollarized: the dollar has broadly become the de facto unit of account
for wages, invoices, and most goods.? Cashea’s loan amounts, installment payments, and credit
limits are dollar-indexed: as a result, inflation in the local currency does not mechanically erode
the loan’s principal or the borrower’s access to credit. Store prices are also typically posted in
dollars (or in dollar-indexed local currency), which prevents dollar-indexed loan amounts and

local-currency inflation from distorting intertemporal consumption decisions or choices about

4For a subset of merchants, Cashea also provides factoring, paying the merchant the full purchase amount up front and
collecting the installments directly; for these transactions Cashea, rather than the merchant, finances the loan.
5 Embassy of Switzerland in Venezuela (2025), “Economic Report 2024/2025 Venezuela.”
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how much to consume on credit.® Finally, wages are typically dollar-indexed: in our survey of
Cashea users, 87.6% reported they were paid in dollar-indexed salaries. This prevents erosion in
the borrower’s ability to repay over the repayment horizon.

Cashea provides the ideal setting to study mental accounting for credit because each user re-
ceives two independent and non-fungible credit lines. The Linea Cotidiana (directly translated as
“Everyday Line”) can be spent at grocery stores, pharmacies, and restaurants, while the Linea Prin-
cipal (directly translated as “Main Line”) covers clothing, home goods, electronics, services, and
other retail. We refer to these two credit lines as the “grocery line” and “retail line” to streamline
exposition. Appendix Table A1l reports baseline spending (number of transactions and dollars)
by store subcategory within each line: 75% of grocery-line purchases are at grocery stores, 14%
at pharmacies, and 9% at restaurants, while 46% of retail-line purchases are on clothing, 25% on
home goods, 9% on services, and the rest disbursed across other retail categories.

The grocery and retail lines have different terms to mitigate risk and because grocery stores
and other retail have different margins. In particular, the maturity of grocery-line loans is shorter
than that of the retail-line loans in part because the merchants are financing the credit, and grocery
stores have thinner margins than other retail stores, and thus less ability to absorb a delay in cash
flows. Purchases on the grocery line are paid with one down payment and a single installment
payment 14 days later, with two installments over 28 days available at select merchants for higher-
level users. The retail line follows the “pay in four” structure typical of BNPL loans: a down
payment followed by three installments at 14-day intervals, with up to 12 installments available
at select merchants for higher-level users (Guttman-Kenney and Zhang, 2026). Credit limits on
the grocery line are also lower than on the retail line. The median baseline limits are $146 for
the grocery line and $366 for the retail line (Appendix Figure A1), relative to a median monthly
income of $480 based on our baseline survey of Cashea users. Available credit on the grocery line
cannot be used at retail-line merchants, and vice versa. This restriction is enforced by the platform
at the point of sale based on the type of merchant. In our model, we posit that consumers may

form mental accounts around these two categories of goods, which we then test in our experiment.

3 Model

We present a stylized model to generate predictions that distinguish mental accounting from the-
ories in which money is fungible. We first set up a two-good consumption-savings problem with

category-specific credit lines, reflecting the institutional features of our setting. We then introduce

Fortune (August 2026), “Venezuela abandoning the bolivar and adopting the U.S. dollar would be the biggest currency
switch since the advent of the euro, Hanke says.”
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mental accounting following Farhi and Gabaix (2019), in which consumers face a psychological
cost of deviating from category-specific consumption targets. Finally, we microfound the con-
sumption targets: a credit-limit increase is a salient cue that leads consumers to re-optimize their
consumption target only within the mental account that they associate with that credit line, be-

cause re-optimizing their full consumption portfolio is costly.

3.1 Model Setup

We start with a three-period model with two consumption categories ¢ € {G, R}, where G repre-
sents consumption at grocery stores, pharmacies, and restaurants, and R represents consumption
of other retail goods. The agent has separate credit lines for each category with credit limits L.
The income process y; is designed to capture two features: income uncertainty, which we assign
to period 2, and a general increase in income over the lifecycle, which we capture by assuming
y3 > y1. Specifically, in period 2, there is probability p of a good state in which there is no income
shock and y, = v, and probability 1 — p of a bad state with a negative income shock of size  such
that y, = y; — 9.

Each period, the agent chooses how much to consume of each category ¢ as a function of the
state s (which we omit for notational convenience), both on and off their credit lines. We denote
total consumption on category ¢ at time t as ¢y, and on-credit-line spending as ay; thus cash
spending in category £ at time f is ¢y — a;;. We assume that borrowing in period t must be repaid
in period t + 1. Any resources not consumed in period t are carried over to the next period as a
savings balance x;,1, and we assume the agent starts the first period with no savings, x; = 0. For
convenience, we define m; as the net resources available in period ¢, which is comprised of current-
period income and the savings balance carried over from the prior period, net of any repayments
that must be made for debt incurred in the prior period: m; = y; + x; — (1 + 1) (ag—1 + ars—1)- In
period 1, there was no prior period in which to save or borrow and this collapses to 71 = y;. Thus,
the law of motion for savings carried to periods 2 and 3 is xy11 = m; — [(cgt — agt) + (Cre — are)]-

The agent solves the following optimization problem:

3
max 1| ) B U(cg cre) (1)
{ect}, {cre}s =1
{agt}, {are}
subjectto  (cgt —agt) + (cre — are) < my Vt, (2)
0 <ay <min{Ly, ¢4} fort € {1,2} and ¢ € {G, R}, (3)
a;3 =0forl € {G,R}, (4)
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where U(cgt, cry) is the instantaneous utility in period t. Constraint (2) says that cash consumption
cannot exceed the available resources. Given the definition of m;, this constraint precludes access
to any other form of credit, and implies that x;,1 > 0. Constraint (3) caps borrowing on each line
at that line’s credit limit, and establishes that credit on one line cannot finance consumption of
the other good. It also states that the dollar amount spent on credit on a good cannot exceed the
total dollar amount spent on that good (on credit and with cash), which is merely an accounting
restriction. Finally, constraint (4) prohibits borrowing in the model’s terminal period, since there

is no future period in which to repay.

3.2 Mental Accounting

We model mental accounting following Farhi and Gabaix (2019), which is a formulation also used
in applications by Hastings and Shapiro (2018) and Chorniy, Finkelstein, and Notowidigdo (2025).
The consumer has a consumption target cj, for each category and incurs a psychological cost

¥e¢ > 0 of deviating from it. Instantaneous utility is

U(Cct, CRt) = H(Cct, CRt) -G |CGt - C*Gt| — TR |CRt - C}k{t’ . (5)

We assume that u(-) is homothetic, increasing in consumption of both categories, and concave in
consumption of both categories. When ¢ = g = 0, the model collapses to a model without men-
tal accounting; when 7, is large, the targets effectively determine the allocation of consumption
across categories, as deviating from these targets is costly.

The formulation in equation (5) and in Farhi and Gabaix (2019) is agnostic about where the
category-specific consumption targets come from. The source of these targets is critical in our
setting, as the experiment changes category-specific credit limits and the model’s predictions will
depend on how the targets respond to those changes in credit limits. Thus, we microfound the cj,
targets as follows. A credit-limit increase on the category-/ line is a salient cue about category-¢
consumption (@ la Bordalo, Gennaioli, and Shleifer, 2020). The cue prompts the consumer to re-
optimize, but re-optimizing the full consumption portfolio in equation (1) subject to constraints
(2)—(4) is costly. Consumers instead take a shortcut to set their new consumption targets: they
solve the simple “local” single-good problem in the category associated with the cue, holding fixed
their target in the other category, in the spirit of similarity-based attention (Bordalo, Gennaioli,
Lanzani, and Shleifer, 2025).

Once consumers have determined their new consumption target for the category whose credit

limit increased, their consumption response depends on how strongly they form mental accounts
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(i.e., the size of yc and <yg). For high-y consumers (those with strong mental accounts), these
new consumption targets will determine their new consumption paths, since deviating from the
new target is costly; in Appendix B, we formalize the thresholds ¥s and g that define “high-
" consumers. In contrast, for low-y consumers, deviating is not costly and the consumer will
re-optimize their consumption across both categories in spite of the targets only changing for
category /. Thus, our microfoundation of the consumption targets also provides an interpretation
of 7 as the cost of full rebudgeting—i.e., the mental cost of re-optimizing the entire consumption

portfolio rather than only the account made salient by the category-specific cue.

3.3 Model Predictions

We now turn to our model’s predictions for how consumption across the two categories responds
to an increase in one category’s credit limit. In the predictions, “current consumption” refers to
consumption in period 1, which can be thought of as the period during which our experiment is
conducted, while period 2 refers to a future year with a potential income shock and period 3 refers

to later on in the lifecycle.

Prediction 1. Without mental accounting (yc = yr = 0), an increase in the category-{ credit limit will

either not affect current consumption in either category or increase current consumption in both categories.

Whether overall period-1 consumption will increase in response to a credit-line increase de-
pends on whether the consumer is dynamically constrained in the bad state: if, in the counterfac-
tual world with a lower credit limit on line /, they would optimally consume more in period 2 than
they are able to when they experience the income shock §, the credit-limit increase will ease this
constraint and lead them to increase period-1 consumption compared to the counterfactual. Thus,
our model features standard dynamic liquidity constraints due to uninsured income risk—as in
Aiyagari (1994) and consistent with empirical evidence in Aydin (2022), Aydin and Kim (2024),
and D’Acunto, Rauter, Scheuch, and Weber (2020). Survey evidence also supports the relevance
of dynamic liquidity constraints in our setting: 51.1% of borrowers said that the reason they did
not fully use one of their credit lines was that they wanted to leave some available credit limit in
case of a shock.

Importantly, even in the presence of dynamic liquidity constraints that bind in the bad state in
period 2, without mental accounting a borrower would always equate their marginal utilities of
consumption across categories in period 1, and thus would never respond to a credit-limit increase
by increasing period-1 consumption only on one category—unless they are statically constrained

(i.e., a credit limit binds in period 1). Being statically constrained requires two conditions to hold
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in period 1 in the absence of a credit-limit increase: first, they would fully use the category-£
credit line, and second, they would not have any cash available to reallocate towards category-/£
consumption. The second requirement means that they would neither save nor spend cash on
other categories. For example, an agent who uses all of their grocery-line credit but also saves
or spends cash on clothing is not statically constrained: their marginal utilities of consumption
across categories must be equal—otherwise they would reallocate some of their savings or cash
spending on clothing to grocery consumption. This is the only case in which the agent would
not have equal marginal utilities of consumption across categories in the absence of the credit-line
increase, which is a necessary condition for them to respond to a credit-limit increase by changing

consumption only on one category without mental accounting.

Prediction 2. With sufficient mental accounting (yg > yg > 0and yr > yr > 0), an increase in the
category-¢ credit limit will either not affect current consumption in either category or lead to an increase

in current consumption only in category ¢ with no spillover to the other category.

As in the no-mental-accounting case, consumption will not respond in either category if the
agent is not dynamically constrained, meaning that even in the bad state their credit limits would
not bind in period 2 in the counterfactual without a credit-limit increase. The contrast occurs
when an agent is dynamically constrained: in this case, a high v would lead the agent to increase
consumption only on the category with a credit-limit increase. This occurs because the credit-limit
increase on line £ is a salient cue about category-¢ consumption that leads the agent to re-optimize
their consumption target on category ¢ while keeping their other consumption target fixed, since
this is much easier than solving the full re-optimization problem. The large 7 indicative of mental
accounting then makes it costly for agents to deviate from their targets, so they do not.

Our setting is close to the ideal environment to test for mental accounting. Borrowers are not
statically constrained: the median baseline credit-line utilization ratios are 16.8% on the grocery
line, 12.0% on the retail line, and 16.1% combined. Nearly all Cashea users (74.0%) also typically
spend cash on both categories. Thus, testing whether they respond to a category-specific credit-
line increase by increasing consumption only on that category or on both categories is a test of

mental accounting.
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4 Experimental Design and Data

4.1 Experimental Design

The experiment sample includes 210,000 active users. We defined active users as those who had
made at least one purchase on each credit line in the prior 40 days and whose accounts were at
least 62 days old as of August 1, 2025 (the date we drew the sample). The activity requirement
ensures that participants were aware of both of their credit lines and were willing to borrow for
both consumption categories. We preregistered the experimental design, primary and secondary
outcomes, and heterogeneity analyses in a pre-analysis plan filed with the AEA RCT Registry on
September 30, 2025 (AEARCTR-0016361). The experiment launched and Cashea implemented the
credit-limit changes on October 3, 2025.

We randomly assigned users to one of six different treatment arms or the control group with
equal probability: specifically, we randomized 50% or 100% increases on one or both credit lines,
while limits for users assigned to the control group were unchanged.” Table A14 reports summary
statistics by treatment arm and tests for balance. Joint tests do not reject the null of balance across
all treatment arms for any variable, nor across all variables jointly for any individual treatment
arm compared to the control group.

Figure 1 and Appendix Table A2 summarize the experiment’s implementation: the figure plots
average credit limits by credit line and treatment arm before and after launch, while the table also
reports the number of users, baseline limits, and observed increases. Appendix Figure A2 shows
that even 11 months after the experiment launched, despite some natural changes in limits due
to users moving up or down levels, our experimental credit-limit changes swamp the naturally
occurring credit-limit changes from users’ changing levels.

To facilitate our prespecified heterogeneity analysis by baseline credit access and utilization,
we stratified the randomization by terciles of (1) the total credit limit combining both lines, (2) the
average utilization ratio (balance divided by limit) over the last 30 days for the grocery line, and
(3) the average utilization ratio for the retail line, resulting in 27 strata.®> Appendix Figures A1 and
A3 show the distributions of baseline limits and baseline utilization by line.

Figure 2 shows the email messages users received about the credit-limit increases in a sub-
set of the treatment arms for illustration. The messages announced the increase on the affected

line(s) and displayed images with examples of goods users could purchase on the line(s). The

7Our experiment did not directly affect users’ levels (described in Section 2), and natural credit-limit changes due to
changes in levels continued to occur according to Cashea’s rules in both the treatment and control groups.

8Misfits within a stratum were randomly assigned, which generated some small differences in the number of users
allocated to each treatment arm, as in McKenzie and Bruhn (2011).
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control group received an otherwise comparable email promoting the usage of both Cashea lines
and showing users examples of goods they could purchase on each line, in order to mitigate the
concern that the messages could have salience effects, which could explain our treatment effects
if the control group had not received similar messages. Each message contained a graphics in-
terchange format (GIF) animation that cycled through the images shown, as well as additional
images shown in Appendix Figure A4. Users also received a push notification notifying them of
the limit increase, with similar language for the control group.9

Our model assumes users are aware of the credit-limit changes and the changes generate the
salient cue to re-optimize their budget on the affected line(s). Evidence from our follow-up survey
suggests they were well-informed of their new credit limits: roughly half of treated respondents
self-report that their post-experiment credit limit is within 2.5% of their actual observed limit, and
most of the other half are close (Appendix Figure A5). The treated groups report their limits nearly
as accurately as the control group, and knowledge of limits is high at baseline as well (Appendix

Figure A6).

4.2 Administrative Data

We analyze administrative data from Cashea which includes each user’s purchases, credit limits,
installment schedules, and payments. We observe each user’s credit limits on both credit lines at
a daily frequency, which we use to construct the realized experimental variation and to track non-
experimental limit changes. Purchase data are at the transaction level and include information on
the purchase amount in USD, merchant, store category, date, and the associated credit line. For
each installment of the repayment plan, we observe the scheduled due date and the payment date.
Our analysis covers the 11 months from the launch of the experiment on October 3, 2025, through
September 3, 2026. Table A14 reports baseline characteristics of the sample and demonstrates

balance using both joint F-tests across treatment arms and omnibus F-tests across covariates.

4.3 Survey Data

We supplement the administrative data with three surveys to capture additional information
about Cashea users and their financial situations, along with their economic activity that is not
observable through the administrative data. Where applicable, the surveys requested answers in
UsD.

9For example, for the Both +100% treatment group, the translated message sent was “We increased your Grocery and
Retail Lines by 100%, check out your new available credit.” For the control group, it read “Shop now and pay later,
interest-free. Open the app to view your purchase limits.”
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We fielded a baseline survey the week before the experiment launched. The baseline survey
elicited spending in each category on and off Cashea, why they made purchases on and off Cashea,
knowledge of credit limits, basic demographics, and self-reported credit constraints. Cashea sent
invitations via email on September 22, 2025 to all users included in the experiment.!” The baseline
survey received responses from 8,728 users for a response rate of 4.2%.

We fielded two follow-up surveys. The first was fielded between one and two months after
the experiment was launched, and the second was fielded between seven and eight months after
launch. For the first follow-up survey, users received invitations to take the survey on Novem-
ber 6, 2025 via email. Those who had not completed the survey received a second invitation on
December 4, 2025 via push notification on their phones. For the second follow-up survey, users
received email invitations on May 12, 2026 and push-notification invitations on May 14, 2026. We
received 16,341 responses to the first follow-up survey and 12,170 responses to the second, for re-
sponse rates of 7.8% and 5.8%, respectively. In the main analysis, we pool data from both waves,
where we received a total of 28,511 responses from 24,704 unique respondents, for an overall re-
sponse rate of 11.8%.!!

Both follow-up surveys elicited spending on each category on and off Cashea, along with
knowledge of credit limits, use of other credit, income, and other demographics. The second
follow-up survey additionally asked for their stock of savings, the flow of savings over the last
30 days, and whether their stock and flow of savings had increased or decreased since September
2025.12

Survey respondents tend to be more engaged users with slightly older accounts, higher lim-
its, higher purchase amounts, and higher balances, but baseline covariates are balanced across
treatment arms within survey respondents. Appendix Table A3 compares covariates for survey
respondents and non-respondents and Appendix Table A4 tests for balance across treatment arms
within the follow-up survey respondents. Appendix Table A5 reports demographics for the base-

line survey respondents.

10Cashea sent a pilot version of the survey to 10,000 users on August 26, 2025, a revised pilot version to 10,000 more
users on September 9, 2025, and the final version of the survey to the remaining 190,000 users on September 22, 2025.
We include all survey responses across these three versions of the survey. The full questionnaire for the final version
is available online at https:/ /tinyurl.com/ccmfz226 in Spanish (original) and at https:/ /tinyurl.com/2m25hwwr in
English.

11 As with the baseline survey, we sent a pilot version of the first follow-up survey to 10,000 users on November 6, 2025
and two pilot versions for the second follow-up survey on May 5, 2026 and May 11, 2026.

12The full questionnaire for the first follow-up is available online at https://tinyurl.com/57tcwb8n in Spanish (orig-
inal) and at https://tinyurl.com/mphdwwd5 in English. Similarly, the full questionnaire for the second follow-up
is available online at https://tinyurl.com/36djue7m in Spanish (original) and at https://tinyurl.com/4uusuu2a in
English.
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5 Empirical Strategy

5.1 Marginal Propensities to Consume

Our empirical strategy is designed to test the model in Section 3 by exploiting the randomized
credit-limit increases to recover the MPC out of a same-category limit increase and the MPC out of
a cross-category limit increase. Under any model without mental accounting in which money
is fungible and agents are not statically constrained, agents should increase spending in both
categories or neither. With mental accounting, we predict agents will increase spending only on
the same-line category for which they received a credit-limit increase (or on neither category).

Our experiment induced random variation in one or both credit limits, but credit limits also
evolve for users over time as their repayment history increases (or decreases) their limits. Post-
treatment credit-limit changes thus reflect both the experimentally induced variation and the ordi-
nary progression that also occurs in the control group. While the magnitude of natural changes in
credit limits is small relative to the experimentally induced credit-limit changes, this is important
for the purposes of estimating MPCs because the 50% and 100% increases apply to heterogeneous
baseline limits. Larger baseline credit limits also see larger dollar-denominated ordinary growth
in credit limits which creates an identification problem.

We address this challenge with an instrumental variables (IV) strategy that isolates the experi-
mentally induced variation in credit limits by instrumenting for post-treatment credit limits with

the treatment assignment indicators. The first-stage equations are:

Lo = i NI+ 6,4 +€f  for € {G,R}, (6)
k=1
where L?’pogt and Lf’pogt are user i’s post-treatment credit limits on the grocery line and the retail
line, Tl.k is an indicator for assignment to treatment arm k € {1,...,6} (control omitted), and 55(1')
are randomization strata fixed effects. The fitted values measure the dollars of credit created by
assignment.
The second stage regresses spending in one category on the instrumented category-specific

credit limits from the first stage regression:
yf = “th’p%t + “Rtf'p%t + 05y + €, )

where y! denotes average monthly purchases in USD on line £ € {G, R} or in total. When the out-

come is grocery-line purchases, a¢ is the same-category MPC and «ap is the cross-category MPC;
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the interpretations reverse for retail-line purchases. The structure of the experiment separately
identifies the same- and cross-category MPCs for both categories by inducing variation in neither
limit, one limit, or both limits. The exclusion restriction requires that treatment assignment affects
spending only through credit limits and is satisfied by design. In prespecified heterogeneity anal-
ysis, we fully interact each regression with strata indicators (e.g., indicators for tercile of baseline
credit utilization) to estimate strata-specific coefficients.

We construct purchase outcomes by first summing purchase data from the experiment’s launch
on October 3, 2025 through September 3, 2026 and then dividing by the number of months in the
post-period. All administrative outcomes are winsorized at the 0.1st and 99.9th percentiles. We

report heteroskedasticity robust standard errors clustered at the user level.

5.2 Treatment Effects by Arm

We additionally estimate treatment effects separately for each treatment arm using the following

specification:
6

yi = Y o T+ Os(i) + €i, 8)
k=1

where wy is the effect of assignment to arm k relative to the control group. By including a separate
indicator for each arm, this specification imposes no assumptions about the linearity of effects
in the size of the limit increase or the interaction of increases across lines, and comparisons of
the aj coefficients provide nonparametric tests of the dose-response and additivity effects of the

credit-limit changes.

6 Results

Our model predicts that without mental accounting, individuals will either not respond to a
category-/ credit-limit increase or will respond by increasing consumption on both categories. In
contrast, with mental accounting, individuals will either not respond to the limit increase or will
respond by increasing consumption only on category ¢. As our main result, we estimate same-
and cross-category monthly marginal propensities to consume out of a credit-limit increase using
specifications (6) and (7).

Figure 3 presents the central findings of the paper. For each $1 increase in the grocery-line
credit limit, participants consume an additional 9.6 cents per month on their grocery line, with
a near-zero spillover to retail-line spending of -1.0 cents. For each $1 increase in the retail-line

credit limit, participants consume an additional 7.9 cents per month on their retail line again with

18



a near-zero spillover to grocery line spending of 0.4 cents per month.'® These large same-category
spending responses, with virtually no cross-category spillovers, are consistent with our model of
mental accounting and cannot be explained by alternative models.

Figure 4 reports treatment effects separately by arm. The large same-category increases and
near-zero spillovers across categories hold across all four treatment arms in which we increased
only one credit line, and consumption increases in both categories when we increase both credit
limits. Furthermore, the responses scale nearly linearly with the size of the credit-limit increase.
The 100% arms generate almost twice the additional spending of the 50% arms ($13.8 versus $7.9
on the grocery line; $27.9 versus $16.4 on the retail line).!* This near-linearity supports summariz-
ing the responses with a single MPC per line, as we do throughout the paper.

The remainder of this section presents five pieces of evidence in support of a mental-accounting
interpretation of these main results: (1) the large same-category MPCs and near-zero cross-category
spillovers persist in every post-treatment month (Section 6.1); (2) the results on credit-line spend-
ing represent increases in total consumption rather than payment-method substitution (Section 6.2);
(3) the main results holds separately for constrained and unconstrained borrowers (Section 6.3);
(4) machine-learning heterogeneity analysis finds significant same-category MPCs and near-zero
spillovers in every quintile of predicted treatment effects (Section 6.4); and (5) the pattern holds
within every sub-category of consumption, supporting the mapping of credit lines to mental ac-

counts (Section 6.5). Section 7 synthesizes the implications for consumers.

6.1 Persistence of Consumption Targets

In the model, consumers re-set their category-specific consumption targets when a salient cue—
in the experiment, this is the category-/ credit-limit increase—prompts them to solve the local
optimization problem. Because full rebudgeting is costly, the new category-/¢ target, c;,, persists
until a future cue triggers re-optimization. Under this model, we would expect the same-category
MPC to respond immediately and persist over time. Under mental accounting, we expect zero
cross-category MPC on impact and over time if consumers do not rebudget.

We estimate month-specific same- and cross-category MPCs and present them in Figure 5. Both
same- and cross-category MPCs are zero for the three months leading up to the experiment, as
expected. For both credit lines, we see large on-impact same-category MPCs that are remarkably

similar to the average monthly MPCs presented in Figure 3 (0.079 vs. 0.096 for the grocery line,

13Results are similar using average balances rather than monthly purchases as the outcome variable (Appendix Fig-
ure A7).

14Appendix Figure A8 formalizes the comparison, showing similar marginal effects of the first and second 50% incre-
ments.
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0.064 vs. 0.079 for the retail line).!> There is predictable seasonality that shows up in the same-
category MPCs for both credit lines around the December holidays.

Our main result of near-zero cross-category spillovers for either line increase is present imme-
diately in the first month of the experiment and generally persists over the subsequent 11 months.
Both cross-category MPCs decline slightly over time, such that by cross-category spillover MPCs
eventually become slightly negative; we discuss implications of this result for how people finance
their increased consumption in Section ??.

In addition to providing evidence supporting our model of mental accounting, the persistence
of the large same-category and near-zero cross-category MPCs also helps rule out the alterna-
tive explanation that our results are caused by some goods being indivisible (Zorzi and Beraja,
forthcoming). If credit-limit increases primarily facilitate indivisible durable purchases, we could
observe same-category MPCs and zero spillovers because users were statically constrained in the
sense that their available credit limit plus savings was less than the cost of the indivisible good. We
would then expect the MPCs to spike upon treatment as people purchase previously unattainable
indivisible goods, but to quickly erode over time. Instead, they are stable over time, consistent

with a persistent new consumption target. We discuss indivisibility further in Section 6.5.

6.2 Effects on Total Consumption: Evidence from Survey Data

The model predicts an increase in consumption on the category with a credit-limit increase, not
just an increase in the on-credit-line consumption on that category. An alternative explanation
for our results in administrative data is payment-method substitution: for example, users would
have consumed the same total amount of groceries even in the absence of a grocery-line limit
increase, but after the increase they shift cash consumption of groceries onto their credit line.
Because we observe only on-credit-line consumption in the administrative data, we supplement
the administrative data with survey measures of category-specific spending on and off Cashea.
In our baseline survey, users report making 47.1% of their grocery-category purchases through
Cashea and 59.6% of their retail-category purchases.

Figure 6 estimates the same- and cross-category MPCs separately for spending on Cashea, off
Cashea, and combined, using survey data for all outcomes. First, we validate the quality of the
survey data by estimating MPCs for on-Cashea spending, which we directly observe in adminis-
trative data. We find very similar same-category MPCs of 0.065 for the grocery line (compared to
0.084 in administrative data restricted to the time period we asked about in the surveys) and 0.048

for the retail line (compared to 0.062 in administrative data).

15Appendix Figure A9 shows treatment effects by arm over time.
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Second, we cannot reject zero grocery-limit-to-retail spillover for on-Cashea spending in sur-
vey data but we do find a small spillover from retail-line increases to grocery spending (statisti-
cally significant at the 10% level), again consistent with the corresponding findings in administra-
tive data (see Appendix Table A6).

Turning to off-Cashea spending, which can only be observed in the survey, we cannot reject
zero same-category or cross-category MPCs in either category. Thus, the MPCs we estimate for
total spending on each category are also remarkably consistent with the on-Cashea MPCs we
estimate from administrative data, at 0.073 and 0.066 for the same-category grocery and retail
MPCs, while we cannot reject zero spillover for the cross-category total spending MPCs. Col-
lectively, these results suggest that—consistent with mental accounting—the on-Cashea spend-
ing increases we observe in the administrative data represent increases in consumption, not just

payment-method substitution.

6.3 The Role of Constraints

In the absence of mental accounting, our model generates positive same-category MPCs and zero
cross-category MPCs only if a borrower is statically constrained. That is, in the counterfactual
without a credit-limit increase, the borrower would have immediately maxed out their category-¢
credit line and have no cash in savings or spending on other categories which they could reallo-
cate to category /. In contrast, a consumer who is dynamically but not statically constrained—one
who would not max out their category-/ credit limit unless hit by a negative income shock in the
future—will also respond to a category-/ credit-line increase by increasing their current consump-
tion in both categories, unless they engage in mental accounting.

Thus, an alternative explanation for the large same-category and zero cross-category MPCs
could be that users are statically constrained. We test this by estimating MPCs separately by base-
line terciles of credit-line utilization, which was one of our two main prespecified heterogeneity
tests. The logic of the test is that if static constraints explain the main result, we would expect
to observe the positive same-category MPC for category ¢ and zero or very low spillover to the
other category only among those who are already constrained, i.e., already using nearly all of their
category-/ credit limit.

Figure 7 shows that even for users who are in the bottom two terciles—with baseline utilization
ratios of less than 10.0% and 24.9%, respectively—same-category MPCs are economically mean-
ingful and cross-category MPCs are zero or very small. For example, for the middle tercile with
baseline utilization ratios between 10.0% and 24.9%, the same-category MPCs are 0.086 and 0.066

for the grocery and retail lines, and we cannot reject that the cross-category MPCs are zero. As we
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would expect if the most-constrained tercile is either the most dynamically constrained or faces
binding static constraints, same-category MPCs are largest for this group. Appendix Figure A10
shows that results by terciles of baseline utilization of each line separately (rather than total uti-
lization) are similar. Appendix Figure A11 shows that we find similar results when we test for het-
erogeneity using a baseline survey measure of self-reported credit constraints, as we prespecified:
even the self-reported unconstrained have positive and economically meaningful same-category
MPCs but zero cross-category MPCs.°

Further evidence that most users are not statically constrained is shown in Appendix Fig-
ure Al4: in the control group, less than 20% of users were constrained on the grocery line (panel
(a)) and less than 10% on the retail line (panel (c)) in the month before the experiment or in the first
month of the experiment—when we already see an immediate effect of the credit line increases.
Nevertheless, many users do use most of their credit limit at some point over the course of the
experiment (panels (b) and (d)), consistent with dynamic constraints creating the precautionary
motive that explains why consumers do increase consumption at all in response to a credit line

increase, but that does not explain why they increase consumption on only one category.

6.4 Heterogeneity by Machine-Learning Predicted Treatment Effects

To test whether some groups of consumers behave according to standard models without mental
accounting (and thus respond to a category-/ credit-limit increase by increasing consumption on
both categories if they increase consumption at all), we use machine-learning to estimate hetero-
geneity in treatment effects by observables (Chernozhukov, Demirer, Duflo, and Ferndndez-Val,
2025). Specifically, we use all available characteristics in administrative data and estimate four
separate models to predict heterogeneity in the treatment effects of an increase in each line on
same-category and cross-category spending (see Appendix C). If some groups treat money fungi-
bly, we should be able to identify a group with a large, positive spillover from an increase in the
credit limit on one line to consumption on the other category.

In contrast to standard models without mental accounting, we find zero or near-zero spillovers
for all five quintiles grouped by the predicted treatment effect of a retail-line limit increase on
grocery spending and of a grocery-line limit increase on retail spending (Figure 8) and formally
cannot reject no heterogeneity in the near-zero spillovers (Appendix Table A7). For same-category

consumption responses, we do find substantial heterogeneity, but also find that even for the lowest

16We also find positive and meaningful same-category MPCs and zero or near-zero cross-category MPCs for all groups
in the other two heterogeneity tests we presepcified: heterogeneity by credit limit on each line (Appendix Figure A12)
and by the proportion of consumption in each cateogry that the user reported spending through Cashea in the base-
line survey (Appendix Figure A13).
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quintile of predicted same-category treatment effects, there is a positive, statistically significant,
and economically meaningful same-category consumption response. We conclude that our main
results of a large same-category consumption response and a zero or near-zero spillover hold

across any subgroups that can be identified using observable characteristics.

6.5 Sub-Category MPCs and Mapping Credit Lines to Mental Accounts

An important assumption throughout our analysis is that the grocery and retail credit lines co-
incide with the consumers” mental accounts as specified in the model. Each line bundles several
spending categories—groceries, pharmacies, and restaurants on the grocery line; clothing, home
goods, electronics, services, tools, health, sporting goods, and other retail on the other—and we
represent each bundle as a single account with a single consumption target. If consumers formed
different mental accounts (e.g., combining health and pharmacy spending) and we misallocated
sub-categories of consumption, we would expect to see higher cross-category MPCs and we would
be biased against finding zero cross-category MPCs.

We test our assumptions about the composition of consumers” mental accounts by estimating
sub-category-specific MPCs, which we present in Figure 9. Remarkably, we estimate MPCs that
are perfectly coincident with the assignment of sub-categories to mental accounts and the approx-
imate share of consumption each sub-category comprises within the mental account. Specifically,
we estimate positive and statistically significant same-category MPCs for every single one of the
ten sub-categories of spending we observe. Further, we can rule out cross-category MPCs onto
any sub-category of spending of more than 0.006 and the MPCs are generally precise zero esti-
mates (ranging between -0.005 and 0.003). We view these results as compelling evidence that the
two credit lines map cleanly to consumers’ mental accounts. This is consistent with evidence from
Read, Loewenstein, and Rabin (1999) that consumers accept the brackets imposed upon them.

The sub-category MPCs help further rule out indivisibility as a sufficient alternative explana-
tion. In addition to the fact that we document completely symmetric MPCs for the grocery- and
retail-line increases, we also see large same-category MPCs for the most divisible sub-categories

on both lines like groceries and clothing.

7 Discussion

Our credit limit changes caused large changes in the level and allocation of consumption: for
example, doubling the credit limit on the retail line led to a $28 per month increase in retail con-

sumption with essentially no change to grocery consumption, which amounts to 5.8% of median
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monthly income. In contrast, doubling the grocery-line credit limit led to a $14 per month in-
crease in grocery consumption with essentially no change to retail consumption, which amounts
to 2.9% of monthly income. This dramatic shift in the allocation of consumption is especially
striking given that the vast majority of consumers were not statically constrained. The ubiquity
of this effect across consumers is similarly striking: there are no subgroups of users for whom
we can identify the significant and positive cross-category spillover that would be predicted by a
standard theory model that excludes mental accounting.

Given these facts, what are the implications for consumers? The money for the increased
consumption must come from somewhere. Unlike credit cards, these are short-maturity loans, so
consumers cannot just delay repaying their debt into the future. The results are also persistent and
occur not only for on-credit-line spending but also for total spending, so it cannot be explained by
consumers pulling forward their consumption. We included several questions to assess where the
money is coming from in our second follow-up survey.!”

Appendix Table A8 shows that we do not observe a statistically significant change across our
six treatment arms in any of the variables we measure—including other spending on categories
not covered by the grocery and retail lines, the flow or stock of savings, other debt, income, or
transfers/loans to others. While we are unable to conclusively trace any universal source of
money used to fund the increased spending, we can rule out large negative effects of the increased
spending due to credit-limit increases: participants do not substantially decrease their savings or
increase their other debt. The negative cross-category MPCs that emerge over time could indicate
that people may be funding some share of their persistently higher same-line consumption by de-
creasing savings in the short run, and once their budget constraint binds in the future, reducing
spending on the other category.

A related concern is whether expanded access to credit increases default. Panel A of Appendix
Figure A15 shows effects on the probability a loan payment is past due by treatment arm as of 11
months post-intervention. There are no statistically significant effects on the probability a loan is
past due for the retail treatment arms, and only small increases in the probability for the grocery-
line and both-line treatment groups. The largest increase is just a 1.1 percentage-point increase
(5.5%) in the likelihood a loan is 90+ days past due for the treatment arm in which the credit limit

was doubled for both lines. The credit-limit increases were profitable for Cashea (see Panel B of

7These questions capture other spending on categories not covered by the grocery and retail lines (e.g., rent or mort-
gage payments, utilities, transportation, education, health, and entertainment); the flow of savings over the last 30
days and a question on whether this was higher, about the same, or lower than their flow of savings in Septem-
ber 2025; the current stock of savings and a question on whether this was higher, about the same, or lower than in
September 2025; debt with other lenders including personal loans, credit cards, store financing, installment payments,
or loans from informal moneylenders or family and friends; income (as more access to credit could in theory increase
income); and transfers or loans to others. Only 26.4% of participants had any other debt from any of these sources.
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Appendix Figure A15 for the effects on user-level profits by treatment arm). The results suggest
that consumers are not taking on more debt than they can repay and even the large credit-limit
increases induced by the experiment did not reflect an over-extension of credit by Cashea.
Finally, we asked participants directly in the second follow-up survey whether they wished
they had spent less on Cashea over the prior six months. Just 13.1% of treated participants reported
wishing they had spent less. While we document large changes in both the level and allocation
of consumption, the vast majority of consumers seem content with their borrowing decisions and
we see only modest increases in loans past due considering the large magnitude of the credit-limit

changes.

8 Conclusion

We test whether mental accounting for credit affects borrowing decisions. In our model of mental
accounting for credit, consumers respond to an increase in a category-specific credit line by in-
creasing consumption only on that category, whereas without mental accounting, consumers who
are not statically constrained increase consumption on both categories (or neither). We conduct an
experiment with the largest consumer credit provider in Venezuela to test this theory: all of this
lender’s users have access to two category-specific credit lines, one for grocery stores, pharmacies,
and restaurants, and the other for all other retail merchants. We randomized large 50% or 100%
increases to one credit line, the other line, or both.

We find strong evidence in support of mental accounting. Our central finding is that, for each
$1 of category-specific credit-limit increase, consumers increase their spending on that category
by an additional 8-10 cents with near-zero cross-category spillover. The grocery- and retail-line
results are mirror images. We present five additional pieces of supporting evidence: (1) the re-
sults persist in every single month in the post-period; (2) the increase in credit-line spending is
not offset by reduced cash spending on the category; (3) the results hold for both constrained and
unconstrained consumers; (4) machine-learning techniques fail to identify any subgroup of con-
sumers who treat the the relaxation of the budget constraint fungibly; and, (5) the central result
replicates in every single sub-category of spending within the credit lines.

Mental accounting has a prominent position in the behavioral economics canon, but compar-
atively limited causal empirical evidence. This is especially true in credit markets, despite many
credit products being category-specific (e.g., mortgages, auto loans, trade credit, and “buy now,
pay later” credit available only at partnering merchants) or potentially priming consumers to form

mental accounts (e.g., credit cards with much higher rewards for specific spending categories such
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as travel or dining). Yet we know little about whether consumers form mental accounts around
credit products and, if so, how this affects their consumption and borrowing decisions.
Understanding whether people form mental accounts around credit products matters for pol-
icy. Our findings suggest that consumers do form mental accounts for credit products, and that
they accept the mental accounts imposed on them. This gives policymakers power to both shape
consumers’ mental accounts and to alter the composition of spending through subsidies and reg-
ulation. This is increasingly relevant as financial technology dramatically expands the provision
of category-specific credit (Acree, Barnes, Bruce, and Hannon, 2026). Furthermore, it affects how
central banks should think about monetary policy, as shifts in interest rates on different parts of the
yield curve pass through to different credit products, and with mental accounting these changes
may pass through only to the subset of consumption categories financed with those credit prod-

ucts.
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Figures

Figure 1. Credit-Limit Intervention
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Notes: Bars show mean credit limits in USD by treatment arm and credit line. “G” denotes grocery line and "R”
denotes retail line. Green bars reflect baseline means as of October 1, 2025. Orange bars reflect the change in limits as
of October 6, 2025, three days after the experiment launched. Small deviations from exact 0%, 50%, or 100% increases

reflect natural changes in credit limits according to Cashea’s levels system. Full estimates reported in Appendix Table
A2. See Figure A2 for credit-limit changes over the entire experimental period. N = 209,996.
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Figure 2. Experiment Outreach
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Notes: Screenshots of email outreach sent to participants, showing three of seven treatment arms as examples. Panel A
shows the control-group message, which promotes Cashea without mentioning a credit-limit increase. Panel B shows
the treatment message for a 50% grocery-line increase. Panel C shows the treatment message for a 100% increase on
both lines. All treatment arms received analogous outreach. The message contained a GIF animation that cycled
through the images shown, as well as additional images shown in Appendix Figure A4.
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Figure 3. Marginal Propensities to Consume out of Credit-Limit Increases
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Notes: Figure plots instrumental-variables estimates of the marginal propensity to consume out of credit-limit
increases on each line, estimated via the specification described in Section 5. The dependent variable is average
monthly purchases on each line from October 3, 2025 to September 3, 2026, winsorized at the 0.1st and 99.9th
percentiles. Post-experiment credit limits as of October 6, 2025 are instrumented with the six treatment assignment
indicators; regressions control for randomization strata fixed effects. Bars represent 95% confidence intervals. N =
209,996 for the grocery-line model and N = 209,996 for the retail-line model. Full estimates are reported in Appendix
Table A9.
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Figure 4. Treatment Effect Estimates of Cumulative Purchase Effects
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Notes: Figure plots treatment effect estimates of average monthly purchases in USD over the post-treatment period
from October 3, 2025 to September 3, 2026, by treatment arm. Blue denotes grocery-line purchases; orange denotes
retail-line purchases. Point estimates are labeled with dollar amounts and percent changes relative to the
control-group mean of $123 for the grocery line and $125 for the retail line. Bars represent 95% confidence intervals.
All estimates are from OLS regressions of the form described in Section 5, controlling for randomization strata fixed
effects. Standard errors are clustered at the user level. N = 209,996 for the grocery-line model and N = 209,996 for the
retail-line model. Full estimates are reported in Appendix Table Al1
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Figure 5. Dynamic MPC Estimates on Purchases
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Notes: Figure plots monthly OLS treatment effect estimates from Equations 6 and 7, estimated separately for each
month from September 2025 through August 2026, each using a user’s limit on October 6th as the instrument. The top
panel shows grocery-line purchases and the bottom panel shows retail-line purchases. Each point represents the
estimated MPC for each month’s purchases; vertical bars indicate 95% confidence intervals. Regressions include
randomization strata fixed effects. Users with no purchasing activity in a given month are assigned a value of zero.
All continuous variables are winsorized at the 0.1st and 99.9th percentiles within each month. Standard errors are
clustered at the user level. The vertical dashed line marks the start of the experiment. N = 209,996. Full estimates
reported in Appendix Table A12.
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Figure 6. Marginal Propensities to Consume: Cashea and Non-Cashea Spending
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Notes: Figure plots 2SLS estimates of Equations 6-7 using self-reported spending outcomes from a pooled sample of
first- and second-wave follow-up survey respondents. The endogenous regressors are post-experiment LC and LP
credit limits, instrumented by the six treatment-arm assignment dummies. Each point represents the estimated
MPC—dollars of spending per dollar of credit limit—for a given outcome—endogenous regressor pair. The x-axis
groups estimates by endogenous regressor (grocery-line limit, retail-line limit); within each group, colors distinguish
six outcomes: grocery-line on-Cashea spending, grocery-line off-Cashea spending, grocery-line total spending,
retail-line on-Cashea spending, retail-line off-Cashea spending, and retail-line total spending. First-wave survey
spending is normalized to 30-day equivalents based on elapsed days since randomization; second-wave spending is
used as reported (30-day). All continuous spending outcomes are winsorized at the 95th percentile (a more
conservative level than outcomes from administrative data, since the data come from survey responses subject to
misreporting). Vertical bars indicate 95% confidence intervals constructed from standard errors clustered at the user
level. All specifications include randomization strata fixed effects. N = 23,436. Full estimates reported in Appendix
Table A6.
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Figure 7. Marginal Propensity to Consume by Total Baseline Utilization

® Grocery-line Purchases @ Retail-line Purchases
Total Utilization ¢ Low # Mid 4 High
0.25

o
)
o

0.172

o
[EEN
o1

O 0.123
% x
0.086
=~ 0.10 %
5 I
S 0.05 .
2 : 0.004 -0.001
0.00 : G?, ' i b
—-0.05
Grocery-line Limit Retail-line Limit

Notes: Figure plots heterogeneous 2SLS estimates of Equations 6-7, allowing the marginal propensity to consume to
vary by tercile of baseline average total credit utilization (across both Linea Cotidiana and Linea Principal) over the 30
days prior to October 1, 2025. Panel (a) uses average monthly Linea Cotidiana purchases from October 3, 2025 to
September 3, 2026 as the dependent variable; panel (b) uses average monthly Linea Principal purchases over the same
time horizon. The endogenous regressors are post-treatment LC and LP credit limits (and their interactions with
tercile indicators), instrumented by treatment-arm assignments (and their interactions with tercile indicators). Each
point represents the estimated MPC—dollars of spending per dollar of credit limit—for a given tercile-endogenous
regressor pair, with the “Low” tercile as the base group. Vertical bars indicate 95% confidence intervals constructed
from standard errors clustered at the user level. All specifications include randomization strata fixed effects. Outcome
and limit variables are winsorized at the 0.1st and 99.9th percentiles. Joint Wald tests of equality across the three tercile
coefficients reject at p < 0.001 for both same-line effects. For cross-line effects, p = 0.253 for the LP Limit — LC Purch
pair and p = 0.037 for the LC Limit — LP Purch pair. N = 209,996.
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Figure 8. Treatment Effects by Quintile of Predicted Individual Treatment Effect
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Notes: Figure plots Group Average Treatment Effects (GATES) from the machine-learning heterogeneity procedure of
Chernozhukov, Demirer, Duflo, and Fernandez-Val, 2025, using a random forest to construct the proxy predictor of
the conditional average treatment effect. Users are sorted into quintiles of the predicted effect and the treatment effect
is estimated within each quintile. Panels (a) and (b) restrict the sample to the control group and the two grocery-line
arms (4+50% and +100%); panels (c) and (d) to the control group and the two retail-line arms. The two combined arms
are excluded from all panels. Panels (a) and (d) are the same-line response and panels (b) and (c) the cross-line
spillover. The outcome is average monthly purchases from the start of the experiment on October 3, 2025 through
September 3, 2026. Points are medians over 100 data splits; vertical bars indicate 95% confidence intervals.
Regressions include randomization strata fixed effects and a stratum-specific propensity score. Quintiles are formed
separately within each panel from that panel’s own proxy, so a given quintile index does not identify the same users
across panels. N = 87,578 in panels (a) and (b) and 87,631 in panels (c) and (d). Corresponding average and
heterogeneous treatment effects are reported in Table A7.
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Figure 9. Marginal Propensities to Consume by Product Category
(a) Grocery-line Limit
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Notes: Figure plots 2SLS estimates of Equations 6-7 with merchant-category purchase outcomes. The dependent
variable is cumulative total purchases in each merchant category. The endogenous regressors are post-treatment
grocery-line and retail-line credit limits as of October 6, 2025, instrumented by the six treatment-arm assignment
dummies. Each point represents the estimated MPC—cents of total spending per dollar of credit limit—for a given
category—endogenous regressor pair. The panels group estimates by endogenous regressor (grocery-line limit,
retail-line limit); within each group, colors distinguish merchant categories. grocery-line categories (groceries,
pharmacies, restaurants) are shown first in the legend, followed by retail-line categories (home, clothing, services,
technology, tools, health, sports). Vertical bars indicate 95% confidence intervals constructed from standard errors
clustered at the user level. All specifications include randomization strata fixed effects. Outcome and limit variables
are winsorized at the 0.1st and 99.9th percentiles. Purchases are measured as average monthly spending from October
3, 2025 to September 3, 2026. N = 209,996. Full estimates reported in Appendix Table A13.

38



A Appendix Exhibits

Figure Al. Distribution of Baseline Limits

| Grocery-line Limit | [ Retail-line Limit | | Total Limit
EECEEET r
: | A 4 |
= : :
(D) 1 d
o : :
() :
o 2 > 2
0 0 0

100 200 200 400 600 250 500 750 1000
Limit Amount ($)

Notes: Figure plots the distribution of baseline credit-limit amounts across Cashea users, separately for the grocery
line, the retail line, and the combined total (Total = Grocery Line + Retail Line). Each panel shows a histogram with
20 bins, where the y-axis reports the share of observations in each bin as a percentage of the total sample. Limits are
measured in USD as of October 1, 2025, and are winsorized at the 95th percentile within each limit type. N = 210,000
for the grocery-line panel, N = 210,000 for the retail-line panel, and N = 210,000 for the Total panel.
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Figure A2. Credit-Limit Intervention over Experimental Period
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Notes: Bars show mean credit limits in USD by treatment arm. "G” denotes grocery line and “R” denotes retail line.
Green bars reflect baseline means as of October 1, 2025. The sum of orange and green bars reflect limits as of

September 1, 2026, ten months after the experiment launched. Small deviations from exact 0%, 50%, or 100% increases
reflect natural changes in credit limits according to Cashea’s levels system. N = 209,988.
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Figure A3. Distribution of Baseline Utilization
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Notes: Figure plots the distribution of baseline credit utilization rates across Cashea users, separately for the grocery
line, the retail line, and the combined total. Each panel shows a histogram with 20 bins, where the y-axis reports the
share of observations in each bin as a percentage of the total sample. Utilization is defined as the 30-day average
utilization rate for each line as of October 1, 2025, expressed as a percentage, and is bounded between 0 and 100. N =
210,000 for the grocery-line panel, N = 210,000 for the retail-line panel, and N = 210,000 for the Total panel.
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Figure A4. Full Outreach Messaging
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Notes: Screenshots of email outreach sent to participants, showing three of seven treatment arms as examples. Panel A
shows the control-group messages, which promotes Cashea without mentioning a credit-limit increase. Panel B shows
the treatment messages for a 50% grocery-line increase. Panel C shows treatment messages for a 100% retail-line
increase. Panel D shows the treatment messages for a 100% increase on both lines. All treatment arms received
analogous outreach. The message contained a GIF animation that cycled through the images shown.
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Figure A5. Knowledge of Post-Experiment Credit Limits
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Notes: Figure plots the distribution of normalized credit-limit estimation error in the first follow-up survey, defined as
(ﬁig — Lz-g) /Lig, where ﬁig is the respondent’s self-reported limit on line ¢ and L is the corresponding administrative
limit. Distributions are trimmed at the 5th and 95th percentiles; bin width is 0.05. The mass at zero indicates exact
knowledge of the post-experiment credit limit. N = 4,229 for the grocery-line panel and N = 4,419 for the retail-line
panel.
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Figure A6. Baseline Total Limit Estimation Error
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Notes: Figure plots the distribution of normalized credit-limit estimation error at baseline, defined as (ﬁi —L)/L;,
where L; is the respondent’s self-reported total credit limit summing across both lines, and L; is the corresponding
administrative limit recorded on October 1, 2025. Total limit is the sum of the grocery-line and retail-line limits. The
sample is restricted to baseline survey respondents who can be matched to administrative records and who report a
positive administrative total limit. The distribution is trimmed at the 5th and 95th percentiles of the normalized error.
Each bar represents a bin of width 0.05 (5 percentage points). The y-axis reports the share of observations within each
bin as a percentage of the trimmed sample. The dashed red vertical line marks zero, indicating exact recall. Positive
(negative) values indicate overestimation (underestimation) of one’s credit limit. The baseline survey was fielded the
week prior to the experiment’s launch; administrative limits are drawn from administrative data as of October 1, 2025.

N =7,709.
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Figure A7. Marginal Propensities to Consume out of Credit-Limit Increases: Average Balances
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Notes: Figure plots instrumental-variables estimates analogous to Figure 3, with average daily balances on each line
over the post-treatment period from October 3, 2025 to September 3, 2026 as the dependent variable. Post-experiment
credit limits are instrumented with the six treatment assignment indicators; regressions control for randomization
strata fixed effects. Bars represent 95% confidence intervals. N = 209,996 for the grocery-line model and N = 209,996
for the retail-line model. Full estimates are reported in Appendix Table A10.

45



Figure A8. Marginal Treatment Effects
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Notes: Figure plots treatment effect estimates of the marginal effect of credit-limit increases on purchases, measured in
dollars of spending per treatment arm, separately for Linea Cotidiana (LC) and Linea Principal (LP) purchases. Each
panel corresponds to a different outcome: LC purchases (left) and LP purchases (right). Within each panel, the x-axis
distinguishes by which limit was increased (LC line, LP line, or both lines), and the two bars show the 1st 50%
marginal effect (the effect of a 50% limit increase relative to control) and the 2nd 50% marginal effect (the additional effect
of increasing the limit by a further 50%, computed as the difference between the 100% and 50% treatment coefficients).
Includes randomization strata fixed effects. Standard errors are clustered at the user level. The p-value annotated
above each pair of bars tests Hy : B50 = B1go — Bso (i-e., equal marginal effects across the two 50-percentage-point
increments), based on a two-sided t-test of the linear combination 259 — B199 = 0. Standard errors for the 2nd 50%
marginal effect are computed via the delta method. Post-experiment limit levels are winsorized at the 0.1st and 99.9th
percentiles. Purchases are measured as average monthly spending from October 3, 2025 to September 3, 2026.
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Figure A9. Dynamic Effects by Treatment Arm on Purchases
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Notes: Figure plots monthly OLS treatment effect estimates from Equation 8, estimated separately for each month
from July 2025 through August 2026. The left panel shows Linea Cotidiana (LC) purchases and the right panel shows
Linea Principal (LP) purchases, both measured in dollars. Each point represents the estimated treatment effect for a
given arm relative to the control group; vertical bars indicate 95% confidence intervals. Regressions include
randomization strata fixed effects and the six treatment-arm indicators (LC +50%, LC 4+100%, LP +50%, LP +100%,
Both +50%, Both +100%). Users with no purchasing activity in a given month are assigned a value of zero. All
outcomes are winsorized at the 0.1st and 99.9th percentiles within each month. Standard errors are clustered at the
user level. The vertical dashed line marks the start of the experiment. N = 209,996, based on the sample present in a
representative post-experiment month.
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Figure A10. Marginal Propensity to Consume by Baseline LC/LP Utilization
(a) By Linea Cotidiana Utilization Tercile
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Notes: Figure plots heterogeneous 2SLS estimates of Equations 6-7, allowing the marginal propensity to consume to
vary by tercile of baseline credit utilization over the 30 days prior to October 1, 2025. Panel (a) splits by tercile of
baseline Linea Cotidiana utilization; panel (b) splits by tercile of baseline Linea Principal utilization. Within each
panel, points correspond to LC and LP average monthly purchases from October 3, 2025 to September 3, 2026 as
separate dependent variables. The endogenous regressors are post-treatment LC and LP credit limits (and their
interactions with tercile indicators), instrumented by treatment-arm assignments (and their interactions with tercile
indicators). Each point represents the estimated MPC—dollars of spending per dollar of credit limit—for a given
tercile-endogenous regressor pair, with the “Low” tercile as the base group. Vertical bars indicate 95% confidence
intervals constructed from standard errors clustered at the user level. All specifications include randomization strata
fixed effects. Outcome and limit variables are winsorized at the 0.1st and 99.9th percentiles. Joint Wald tests of
equality across the three tercile coefficients reject at p < 0.001 for all same-line effects. For cross-line effects in panel
(a): p = 0.199 for LP Limit — LC Purch and p = 0.061 for LC Limit — LP Purch. In panel (b): p = 0.486 for LP Limit
— LC Purch and p = 0.168 for LC Limit — LP Purch. N = 209,996 in panel (a) and N = 209,996 in panel (b).
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Figure A11l. Marginal Propensity to Consume by Self-Reported Credit Constraint
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Notes: Figure plots heterogeneous 2SLS estimates of Equations 6-7, allowing the marginal propensity to consume to
vary by whether the respondent self-reported their credit limit as a binding constraint in the baseline survey. Panel (a)
uses average monthly Linea Cotidiana purchases from October 3, 2025 to September 3, 2026 as the dependent variable
and conditions on whether the respondent cited a low LC limit as a reason for spending off Cashea; panel (b) uses
average monthly Linea Principal purchases over the same time horizon and conditions on the analogous LP constraint
indicator. The endogenous regressors are post-treatment LC and LP credit limits (and their interactions with the
binary constraint indicator), instrumented by treatment-arm assignments (and their interactions with the constraint
indicator). Each point represents the estimated MPC—dollars of spending per dollar of credit limit—for the
constrained and unconstrained groups, with the unconstrained group (“No”) as the base. Vertical bars indicate 95%
confidence intervals constructed from standard errors clustered at the user level. All specifications include
randomization strata fixed effects. Outcome and limit variables are winsorized at the 0.1st and 99.9th percentiles. N =
8,728 in panel (a) and N = 8,728 in panel (b).

49



Figure A12. Marginal Propensity to Consume by Baseline Credit Limit

® Grocery-line Purchases @ Retail-line Purchases
Total Limit © Low # Mid 4 High

0.20

0.15
O I 0.096
o 0.10 % 0.082
= % i 0.069
>
£ 0.05
S

-0.05

Grocery-line Limit Retail-line Limit

Notes: Figure plots heterogeneous 2SLS estimates of Equations 6-7, allowing the marginal propensity to consume to
vary by tercile of baseline total credit limit (Linea Cotidiana plus Linea Principal) as of October 1, 2025. Panel (a) uses
average monthly Linea Cotidiana purchases from October 3, 2025 to September 3, 2026 as the dependent variable;
panel (b) uses average monthly Linea Principal purchases over the same time horizon. The endogenous regressors are
post-treatment LC and LP credit limits (and their interactions with tercile indicators), instrumented by treatment-arm
assignments (and their interactions with tercile indicators). Each point represents the estimated MPC—dollars of
spending per dollar of credit limit—for a given tercile-endogenous regressor pair, with the “Low” tercile as the base
group. Vertical bars indicate 95% confidence intervals constructed from standard errors clustered at the user level. All
specifications include randomization strata fixed effects. Outcome and limit variables are winsorized at the 0.1st and
99.9th percentiles. N = 209,996.
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Figure A13. Marginal Propensity to Consume by Baseline Cashea Share of Wallet
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Notes: Figure plots heterogeneous 2SLS estimates of Equations 6-7, allowing the marginal propensity to consume to
vary by tercile of baseline Cashea share of wallet. Share of wallet is defined as total Cashea spending (LC plus LP) as a
fraction of total spending across Cashea and non-Cashea credit, expressed as a percentage, and is computed from
self-reported spending in the baseline survey. Panel (a) uses average monthly Linea Cotidiana purchases from October
3, 2025 to September 3, 2026 as the dependent variable; panel (b) uses average monthly Linea Principal purchases over
the same time horizon. The endogenous regressors are post-treatment LC and LP credit limits (and their interactions
with tercile indicators), instrumented by treatment-arm assignments (and their interactions with tercile indicators).
Each point represents the estimated MPC—dollars of spending per dollar of credit limit—for a given
tercile-endogenous regressor pair, with the “Low” tercile as the base group. Vertical bars indicate 95% confidence
intervals constructed from standard errors clustered at the user level. All specifications include randomization strata
fixed effects. Outcome and limit variables are winsorized at the 0.1st and 99.9th percentiles. N = 8,711, smaller than
the full experimental sample because share of wallet is only observed for baseline survey respondents.
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Figure A14. Monthly Post-Experiment Constraint-Hitting Rates by Baseline Utilization
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Notes: Figure plots the share reaching 90% utilization at some point within the calendar month in the left column and
the share that has ever reached 90% since July 2025 in the right column. All panels use data spanning from July 2025 to
August 2026. Within each row the two panels share a y-axis. Terciles are of baseline average 30-day utilization on the
respective line as of October 1, 2025. Dashed line marks randomization (2025-10-03). The sample is restricted to the
control group. N = 30,001.
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Figure A15. Treatment Effects by Arm on Installments Past Due and Monthly Profit
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(b) Monthly Profits per User
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Notes: Figure plots treatment effects by arm on the probability of being past due as of September 3, 2026 in panel (a)
and on average monthly profit per user from October 3, 2025 through September 3, 2026 in panel (b). In panel (a), the
dependent variable is an indicator for holding at least one installment 30 or more, 60 or more, or 90 or more days past
due on that date; green denotes the 30-day threshold, pink the 60-day threshold, and black the 90-day threshold. In
panel (b), the dependent variable is cumulative profit from randomization through that date, divided by the number
of months since randomization. Profit is calculated using a proprietary internal formula at Cashea; it is winsorized at
the 0.1st and 99.9th percentiles. Point estimates are labeled with the change in probability (a) or in monthly profit in
dollars (b) and, in parentheses, the percent change relative to the control-group mean. In panel (a), the control mean is
24.7% at the 30-day threshold, 22.2% at 60 days, and 20.3% at 90 days. In panel (b) we cannot disclose the control
means as the material is buisness sensitive. Bars represent 95% confidence intervals. All estimates are from OLS
regressions of the form described in Section 5, with the control group as the omitted category, controlling for
randomization strata fixed effects. Standard errors are clustered at the user level. N = 209,996 in panel (a) and N =
209,996 in panel (b).
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Table Al. Baseline Spending by Credit Line

Category N $ % Total$ % Total N
Panel A: Retail line

Clothing 411,518 22,228,356 30.9% 46.4%
Home 224,417 25,368,935 35.3% 25.3%
Services 77,455 6,389,242 8.9% 8.7%
Tools 52,001 4,563,430 6.4% 5.9%
Sports 40,389 2,947,698 41% 4.6%
Health 38,042 3,175,190 4.4% 4.3%
Technology 31,774 6,251,948 8.7% 3.6%
Other 11,000 897,291 1.2% 1.2%
Total 886,596 71,822,088 100.0% 100.0%
Panel B: Grocery line

Groceries 970,746 59,799,814 82.2% 75.0%
Pharmacies 176,300 9,096,084 12.5% 13.6%
Restaurants 110,734 3,023,365 4.2% 8.6%
Other 36,094 804,861 1.1% 2.8%
Total 1,293,874 72,724,124 100.0% 100.0%

Notes: Table reports the distribution of orders by store category on each credit line for the experimental sample of
209,996 users during the 90 days prior to the experiment (July 5 to October 2, 2025).

Table A2. Experimental Setup

Baseline Mean, Oct 1 ($) Intended Increase Realized A, Oct 1-Oct 6 ($)
Treatment Arm N Retail line Grocery line Retail line Grocery line Retailline  Grocery line
Control 30,005 373.72 144.02 — — 2.04 0.79
Grocery line +50% 29,999 373.06 143.87 — +50% 2.26 71.44
Grocery line +100% 29,997 373.07 143.82 — +100% 2.47 141.83
Retail line +50% 30,001 372.22 143.42 +50% — 185.06 0.87
Retail line +100% 29,997 373.57 14399  +100% — 369.38 0.80
Both +50% 30,000 373.54 144.06 +50% +50% 185.04 71.46
Both +100% 30,001 373.42 143.90 +100% +100% 369.70 142.50

Notes: Table summarizes the experimental design of the credit-limit intervention. Each row corresponds to one
treatment arm. N reports the number of users assigned to that arm. Retail line (Oct 1) and Grocery line (Oct 1) report
average baseline credit limits (in USD), respectively, measured on October 1, 2025, 2 days prior to treatment
assignment. Intended Retail line and Intended Grocery line report the intended percentage increase in each credit limit for
users in that arm; “—” indicates that the corresponding limit was not targeted for change. Realized A Retail line and
Realized A Grocery line report the average realized dollar change in each credit limit between October 1 and October 6,
2025. Small deviations from exact 0%, 50%, or 100% increases reflect that some users also naturally received
credit-limit increases or decreases due to moving up or down a level. All dollar amounts are in USD and are rounded
to the nearest cent. Total N = 210,000.
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Table A3. Predictors of Follow-Up Survey Response

Non-survey Survey Joint
mean F-statistic
Account age (days) 389.91 14.75 146.96
(1.22) [0.000]
Total credit limit ($) 507.59 30.37 874.78
(1.03) [0.000]
Grocery-line limit ($) 141.35 8.25 912.14
(0.27) [0.000]
Retail-line limit ($) 366.24 22.12 836.71
(0.76) [0.000]
Total purchases ($) 221.07 19.25 160.70
(1.52) [0.000]
Grocery-line purchases ($) 111.82 14.89 347.52
(0.80) [0.000]
Retail-line purchases ($) 109.25 4.35 13.06
(1.20) [0.000]
Total balance ($) 114.41 4.06 29.03
(0.75) [0.000]
Grocery-line balance ($) 33.37 0.03 0.03
(0.19) [0.866]
Retail-line balance ($) 81.04 4.03 31.35
(0.72) [0.000]
Omnibus F-statistic 205.39
[0.000]
N 185,296 24,704

Notes: Table shows coefficients for follow-up survey group (both surveys) relative to the non-survey group. All
average variables in this table are calculated by taking the mean of the daily variable across the previous 30 days. Data
as of October 1, 2025. P-value is derived from the joint F test with the following null hypotheses Hlé : Bx = 0. On the

other hand, Omnibus F-Test is derived from the regression Tl-j =l + 2,1};1 [S;(in + 7§ + e{: where the f-statistic results
from Hy : B} = p, = ... = B}, = 0. N =210,000.
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Table A4. Follow-Up Survey Subsample Balance Table

Grocery Grocery Retail Retail Both  Both

Control . . . . . . Joint
mean line line line line lines lines Fstatistic
+50% +100%  +50%  +100% +50%  +100%
Account age (days) 421.56 2.45 7.19 2.46 -2.80 -1.10 -5.89 1.76
(4.61) (4.59) (458) (447) (464) (452 [0.102]
Total credit limit ($) 592.46 1.76 4.01 1.57 0.93 6.29 1.54 0.62
(3.93) (3.84) (3.87) (3.77) (3.86) (4.19) [0.717]
Grocery-line limit ($) 163.73 0.64 1.18 0.43 0.25 1.86 0.39 0.78
(1.05) (1.01) (1.02) (1.00) (1.03) (1.10) [0.589]
Retail-line limit ($) 428.72 1.12 2.83 1.14 0.68 443 1.15 0.55
(2.92) (2.87) (290) (2.81) (2.87) (3.13) [0.769]
Total purchases ($) 261.05 -7.79 0.29 2.06 5.77 -2.92 2.25 1.28
(5.47) (5.64) (6.57) (5.67) (5.53) (65.71) [0.263]
Grocery-line purchases ($)  137.29 0.30 -0.41 0.06 2.37 -1.46 1.92 0.42
(2.98) (2.99) (299) (292) (294) (2.95) [0.867]
Retail-line purchases ($) 123.77 -8.09 0.71 2.00 3.40 -1.46 0.34 1.57
(4.23) (4.38) (4.43) (445) (4.32) (445 [0.152]
Total balance ($) 126.92 0.84 1.74 0.98 -0.48 -0.05 -0.24 0.14
(2.90) (3.12) (296) (2.69) (2.83) (2.78) [0.990]
Grocery-line balance ($) 35.32 -0.12 0.34 -0.49 -0.07 -0.29 0.03 0.28
(0.70) (0.72) (0.70)  (0.68) (0.70)  (0.69) [0.948]
Retail-line balance ($) 91.60 0.96 1.39 1.48 -0.41 0.24 -0.26 0.16
(2.77) (2.99) (2.83) (2.58) (2.69) (2.66) [0.987]
Omnibus F-statistic 0.85 0.62 0.27 0.39 0.74 0.37
[0.550] [0.738] [0.965] [0.909] [0.636] [0.918]
N (person-wave) 3,754 3,966 3,955 4,198 4,310 4,067 4,261

Notes: Table shows coefficients for each treatment group relative to the control group. All average variables in this
table are calculated by taking the mean of the daily variable across the previous 30 days as of October 1, 2025
(pre-experiment launch). Sample restricted to follow-up survey respondents; a respondent to both follow-up waves is
counted once per wave (N = 28,511 person-wave observations). P-value is derived from the joint F test with the
following null hypotheses H’é : Br1 = B2 = ... = Pire = 0. On the other hand, Omnibus F-Test is derived from the
regression Tlf =a + 211&1 ﬁiXk,- +9%+ eﬁ where the f-statistic results from Hj : [5]1 === [5]10 = 0 ** indicates
p < 0.01,* p < 0.05,and * p < 0.10.

Table A5. Survey Demographics

Variable N Mean SD P1 P25 P50 P75 P99
Monthly Income ($) 8,728 616.77 51898 5.27 250.00 480.00 800.00 2,000.00
Age 18,616  40.41 993 21.00 33.00 40.00 47.00 65.00
Share Female 18,532 0.56 0.50 0.00 0.00 1.00 1.00 1.00

Notes: Table reports summary statistics for demographic characteristics of Cashea users in the study sample. Monthly
income is drawn from the baseline survey only and is winsorized at the 95th percentile; age and share female are
computed by pooling the baseline and first follow-up surveys. Age is winsorized at 18 and 100. Share female is
defined as the fraction of respondents identifying as female, restricting to binary male/female responses; respondents
reporting another gender or preferring not to say are excluded from this row. Monthly income is reported in USD. N =
22,193.
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Table A6. Marginal Propensities to Consume: On- and Off-Cashea Spending

DV: Average Monthly Purchases

Survey Admin

Grocery line Retail line Grocery line Retail line

Panel A: Off Cashea

Grocery-line Limit (Post) 0.007 -0.026
(0.024) (0.024)
Retail-line Limit (Post) 0.009 0.018
(0.009) (0.009)
Observations 23,436 23,436
Panel B: On Cashea
Grocery-line Limit (Post) 0.065 -0.032 0.084 -0.007
(0.019) (0.024) (0.004) (0.005)
Retail-line Limit (Post) 0.014 0.048 0.007 0.062
(0.007) (0.009) (0.002) (0.002)
Observations 23,436 23,436 209,996 209,996
Panel C: Total
Grocery-line Limit (Post) 0.073 -0.058
(0.037) (0.042)
Retail-line Limit (Post) 0.023 0.066
(0.014) (0.016)
Observations 23,436 23,436

Notes: Table reports 2SLS estimates of Equations 6-7. The endogenous regressors are post-experiment LC and LP
credit limits, instrumented by the six treatment-arm assignment dummies. Each row reports the estimated MPC for a
given endogenous regressor (grocery-line limit, retail-line limit); columns distinguish the outcome line (grocery-line
spending, retail-line spending). Survey columns use self-reported spending, normalized to a 30-day equivalent from a
pooled sample of first- and second-wave follow-up survey respondents (observations are respondent-waves). Admin
columns re-estimate the same specification on the full randomized sample (one observation per user), using
administrative Cashea purchases over the survey recall windows: October 1, 2025 through the median first-wave
survey date (December 4, 2025), normalized to 30 days as above, and the 30 days ending at the median second-wave
survey date (May 14, 2026), averaged across the two windows. These definitions align perfectly with the survey recall
windows. Administrative data only observe On-Cashea spending, so Admin columns appear in Panel B only. Panels
A-C report estimates for Off-Cashea, On-Cashea, and total spending, respectively. Survey spending outcomes are
winsorized at the 95th percentile, while administrative spending outcomes are winsorized at 0.1st and 99.9th
percentiles. Standard errors, reported in parentheses, are clustered at the user level. All specifications include
randomization strata fixed effects.
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Table A7. Average and Heterogeneous Treatment Effects

DV: Average Monthly Purchases through September 3, 2026

Grocery-line Limit Increase Retail-line Limit Increase

Grocery-line Purchases = Retail-line Purchases Grocery-line Purchases Retail-line Purchases

ATE 11.63 -0.98 1.61 22.65
[0.000] [0.289] [0.074] [0.000]

(9.67,13.61) (-2.78, 0.83) (-0.16, 3.36) (20.54, 24.77)
HTE 0.267 0.012 0.006 0.342
[0.000] [0.808] [0.907] [0.000]

(0.190, 0.347) (-0.090, 0.108) (-0.096, 0.107) (0.255, 0.429)
Observations 87,578 87,578 87,631 87,631
Control Mean 123.33 124.84 123.33 124.84

Notes: Table reports Best Linear Predictor estimates, following Chernozhukov, Demirer, Duflo, and Fernandez-Val,
2025, using a random forest to construct the proxy predictor. The ATE row reports B1, the average treatment effect; the
HTE row reports B, the coefficient on the interaction between treatment and the demeaned proxy, so rejecting f, = 0
is evidence that the treatment effect varies with baseline characteristics. Columns 1 and 2 restrict the sample to the
control group and the two grocery-line arms; columns 3 and 4 to the control group and the two retail-line arms. The
two combined arms are excluded. Within each pair, the first column is the same-line response and the second the
cross-line spillover. The outcome is average monthly purchases from October 3, 2025 through September 3, 2026.
Estimates are medians over 100 data splits; brackets report p-values and parentheses 95% confidence intervals.
Regressions include randomization strata fixed effects and a stratum-specific propensity score. Quintile-level
estimates are plotted in Figure 8.
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Table A8. Other Borrowing / Savings Behavior

Control Grocery Grocery  Retail Retail Both Both Joint
mean line line line line lines lines  F-statistic N

+50%  +100%  +50%  +100%  +50%  +100%  (RW p)

Monthly income ($) 780.22 33.98 31.23 28.10 38.41 30.03 81.28 1.82 11,782
(25.13)  (24.75)  (24.45) (2458) (25.13) (25.21) [0.489]

Other spending ($) 470.73 -8.11 21.23 1.26 16.26 35.69 22.00 1.59 8,814
(17.21) (17.84) (17.39) (17.51) (17.76) (17.66) [0.578]

Savings stock ($) 1,264.74  53.45 57.68  -120.12  67.71 -47.19  176.02 1.64 7,851
(108.74) (107.94) (103.63) (108.08) (104.90) (111.42) [0.578]

Less savings, stock (binary) 0.36 0.04 0.04 0.00 0.01 0.02 0.00 1.19 7,978
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) [0.761]

Savings flow, last 30 days ($)  168.69 418 0.44 492 0.57 2.36 4.93 0.07 7,653
(11.86)  (11.49) (11.61) (11.34) (11.60) (11.68)  [0.998]

Less savings, flow (binary) 0.38 0.05 0.03 0.01 0.01 0.02 0.00 1.26 7,446
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) [0.761]

Other debt ($) 131.58 16.25 15.30 20.87 15.01 12.30 28.93 1.17 7,497
(11.21) (11200 (11.28) (11.14) (11.12) (11.57) [0.761]

Transfers/loans to others ($) 59.05 2.62 3.14 3.50 10.12 3.62 12.49 1.19 5,211

(50)  (552)  (545) (5.64) (552)  (5.79)  [0.761]

Notes: Table reports OLS on the six treatment-arm dummies with randomization-stratum fixed effects; standard errors
clustered on user in parentheses. Estimated using data from the second follow-up survey. Continuous outcomes are
winsorized at the 95th percentile; the two binary indicators are linear probability models. The second-to-last column
reports the cluster-robust joint Wald F-test that all six arm coefficients are zero, with, in brackets, the Romano-Wolf
stepdown p-value adjusting for testing the eight outcomes jointly (9,999 wild cluster bootstrap replications imposing
the null, with draws shared across outcomes). Sample sizes differ across columns for two reasons unrelated to
treatment. Income was the first question asked and is therefore recorded for respondents who did not complete the
remainder of the instrument, giving it the largest N. Transfers/loans to others was added after the survey was fielded
by email but before the push-notification reminder, so it is observed only for respondents who completed the survey
after the revision. Neither the ordering nor the timing of the addition varies with assignment, so both subsamples
remain balanced across arms.

Table A9. MPC out of credit-line increase

DV: Average Monthly Purchases through September 3, 2026

Retail-line Purchases Grocery-line Purchases Total Purchases

Retail-line Limit (Post) 0.079 0.004 0.082
(0.002) (0.002) (0.003)

Grocery-line Limit (Post) -0.010 0.096 0.086
(0.004) (0.004) (0.007)

Observations 209,996 209,996 209,996

Notes: Table reports instrumental variables estimates of the marginal propensity to consume (MPC) out of credit-limit
increases. The dependent variable in each column is average monthly purchases in USD on the indicated credit line
(or total) over the post-treatment period from October 3, 2025 to September 3, 2026. Post-treatment retail-line and
grocery-line limits on October 6, 2025 are instrumented with six treatment-arm dummies. All specifications include
randomization strata fixed effects. Standard errors are reported in parentheses and are clustered at the individual
level. See Section 5 for details on the IV specification.
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Table A10. MPB out of credit-line increase

Retail-line Balance Grocery-line Balance Total Balance

Retail-line Limit (Post) 0.084 0.001 0.085
(0.002) (0.001) (0.002)

Grocery-line Limit (Post) -0.004 0.064 0.060
(0.004) (0.001) (0.005)

Observations 209,996 209,996 209,996

Notes: Table reports instrumental variables estimates of the marginal propensity to borrow (MPB) out of credit-limit
increases. The dependent variable in each column is average daily balances in USD on the indicated credit line (or
total) over the post-treatment period from October 3, 2025 to September 3, 2026. Post-treatment retail-line and
grocery-line limits on October 6, 2025 are instrumented with six treatment-arm dummies. All specifications include
randomization strata fixed effects. Standard errors are reported in parentheses and are clustered at the individual
level. See Section 5 for details on the IV specification.

Table A11l. Treatment effect of credit-line increase

DV: Average Monthly Purchases through September 3, 2026

Retail-line Purchases Grocery-line Purchases Total Purchases

Grocery line +50% -1.83 7.89 6.07
(0.83) (0.93) (1.49)
Grocery line +100% -0.69 13.79 13.20
(0.84) (0.96) (1.53)
Retail line +50% 16.38 1.05 17.48
(0.91) (0.88) (1.51)
Retail line +100% 27.94 2.01 30.03
(0.97) (0.88) (1.55)
Both +50% 15.72 9.58 25.41
(0.91) (0.93) (1.56)
Both +100% 27.53 14.87 42.48
(0.97) (0.96) (1.63)
Strat Bin FE Yes Yes Yes
SE Clustered Yes Yes Yes
Control Mean 124.65 123.25 247.97
Observations 209,996 209,996 209,996

Notes: Table reports treatment effect estimates of credit-limit increase assignment on purchases. The dependent
variable in each column is average monthly purchases in USD on the indicated credit line (or total) over the
post-treatment period from October 3, 2025 to September 3, 2026. Regressors are six mutually exclusive treatment-arm
dummies indicating random assignment to a retail-line and/or grocery-line credit-limit increase of 50% or 100%,
relative to the control group. All specifications include randomization strata fixed effects. Standard errors are reported
in parentheses and are clustered at the individual level. See Section 5 for details on this specification.
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Table A12. Dynamic MPC Estimates on Purchases

Panel A: Grocery-line (LC) Limit Increase Panel B: Retail-line (LP) Limit Increase
Month Grocery-line Purchases Retail-line Purchases Grocery-line Purchases Retail-line Purchases
Oct 2025 0.079 0.009 0.013 0.064
(0.005) (0.007) (0.002) (0.003)
Nov 2025 0.078 -0.006 0.010 0.063
(0.005) (0.008) (0.002) (0.003)
Dec 2025 0.123 -0.011 0.009 0.124
(0.006) (0.010) (0.002) (0.004)
Jan 2026 0.083 0.009 0.007 0.035
(0.005) (0.006) (0.002) (0.002)
Feb 2026 0.066 -0.001 0.003 0.034
(0.005) (0.006) (0.002) (0.002)
Mar 2026 0.088 -0.020 0.003 0.099
(0.006) (0.011) (0.002) (0.004)
Apr 2026 0.086 -0.010 0.003 0.040
(0.006) (0.007) (0.002) (0.003)
May 2026 0.096 -0.011 0.002 0.073
(0.006) (0.009) (0.002) (0.003)
Jun 2026 0.098 -0.023 -0.002 0.085
(0.006) (0.009) (0.002) (0.004)
Jul 2026 0.096 -0.031 -0.004 0.108
(0.006) (0.009) (0.002) (0.004)
Aug 2026 0.136 -0.019 -0.005 0.121
(0.006) (0.010) (0.002) (0.004)
Observations 209,996 209,996 209,996 209,996

Notes: Table reports monthly OLS treatment effect estimates from Equations 6 and 7, estimated separately for each
month from October 2025 through August 2026, each using a user’s limit on October 6th as the instrument. Panel A
instruments with the grocery-line (LC) limit increase; Panel B instruments with the retail-line (LP) limit increase.
Columns report the estimated MPC on grocery-line and retail-line purchases, respectively. Point estimates are
reported in the top row of each panel, with standard errors clustered at the user level in parentheses below.
Regressions include randomization strata fixed effects. Users with no purchasing activity in a given month are
assigned a value of zero. All continuous variables are winsorized at the 0.1st and 99.9th percentiles within each month.
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Table A13. Marginal Propensities to Consume by Merchant Category

DV: Average Monthly Purchases by Merchant Category

Grocery-line Limit (Post) ~ Retail-line Limit (Post)

Panel A: Grocery-line Categories

Groceries 0.076 0.003
(0.004) (0.002)
Pharmacies 0.013 0.000
(0.002) (0.001)
Restaurants 0.004 0.001
(0.000) (0.000)
Observations 209,996 209,996
Panel B: Retail-line Categories
Home -0.005 0.037
(0.002) (0.001)
Clothing -0.004 0.012
(0.002) (0.001)
Services -0.001 0.005
(0.001) (0.000)
Technology -0.001 0.014
(0.001) (0.001)
Tools 0.000 0.005
(0.001) (0.000)
Health -0.000 0.002
(0.000) (0.000)
Sports -0.000 0.002
(0.000) (0.000)
Observations 209,996 209,996

Notes: Table reports 2SLS estimates of Equations 6-7 with merchant-category purchase outcomes. The dependent
variable in each regression is cumulative total purchases in the merchant category listed in the row. The endogenous
regressors are post-treatment grocery-line and retail-line credit limits as of October 6, 2025, instrumented by the six
treatment-arm assignment dummies. Each cell reports the estimated MPC—cents of total spending per dollar of credit
limit—for a given category—endogenous regressor pair, with standard errors clustered at the user level in parentheses.
Panel A reports grocery-line categories (Groceries, Pharmacies, Restaurants); Panel B reports retail-line categories
(Home, Clothing, Services, Technology, Tools, Health, Sports). All specifications include randomization strata fixed
effects. Outcome and limit variables are winsorized at the 0.1st and 99.9th percentiles. Purchases are measured as
average monthly spending from October 3, 2025 to September 3, 2026.
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Table Al4. Summary Statistics and Balance Table

Grocery Grocery Retail Retail Both Both .
Control . . . . . . Joint
mean line line line line lines lines Fostatistic
+50% +100%  +50%  +100%  +50%  +100%
Account age (days) 393.41 -1.10 0.37 0.90 0.79 -0.48 -0.86 0.62
(1.42) (1.42) (142) (142) ((142) (@142 [0.717]
Total credit limit ($) 517.72 -0.81 -0.84 -2.07 -0.17  -0.12 -0.40 0.82
(1.11) (1.11) (11 (11 (111 @11y [0.553]
Grocery-line limit ($) 144.01 -0.14 -0.19 -0.59 -0.03 0.05 -0.11 0.97
(0.30) (0.30) (0.30)  (0.30) (0.30) (0.30) [0.440]
Retail-line limit ($) 373.71 -0.66 -0.64 -1.48 -0.14 -0.17  -0.29 0.76
(0.83) (0.83) (0.83) (0.83) (0.83) (0.83) [0.605]
Total purchases ($) 227.05 -2.37 -3.30 -1.90 -1.04 -1.14 -1.70 0.70
(1.78) (1.78) (1.78) (1.78) (1.78) (1.78) [0.651]
Grocery-line purchases ($) 115.06 0.17 -1.50 -1.13 0.29 0.33 -1.34 1.55
(0.94) (0.94) (094) (094) (094) (099 [0.157]
Retail-line purchases ($) 111.99 -2.54 -1.81 -0.77 -1.34 -1.47 -0.36 0.79
(1.39) (1.39) (1.39) (1.39) (1.39) (1.39) [0.580]
Total balance ($) 115.90 -0.90 -0.75 -0.30 -0.81 -0.04 0.94 1.16
(0.85) (0.85) (0.85) (0.85) (0.85) (0.85) [0.325]
Grocery-line balance ($) 33.59 0.15 -0.12 -0.27 0.11 0.15 -0.22 1.22
(0.23) (0.23) (0.23) (0.23) (0.23) (0.23) [0.290]
Retail-line balance ($) 82.31 -1.05 -0.63 -0.02 -0.91 -0.19 1.16 1.71
(0.80) (0.80) (0.80) (0.80) (0.80) (0.80) [0.114]
Omnibus F-statistic 0.82 0.65 0.78 0.35 0.39 0.76
[0.568] [0.714] [0.601] [0.932] [0.909] [0.618]
N 30,001 29,999 29,997 30,001 29,997 30,000 30,001

Notes: Table shows coefficients for each treatment group relative to the control group. All average variables in this
table are calculated by taking the mean of the daily variable across the previous 30 days. Data as of October 1, 2025.
The joint F-test p-value is derived from regressing the covariate x; against dummies for each treatment arm (with
control as the omitted category) and testing the null hypotheses f} = p2 = ... = ﬁg = 0, where superscript numbers
index treatment arms and subscript k indexes covariates. The omnibus F-statistic is derived from restricting the
sample to one treatment arm and the control group, then regressing a treatment dummy for that treatment arm

against all K covariates and testing the null hypothesis ﬁ]1 =p=..= ﬁ]K = 0, where superscript j indexes treatment
arms and subscript numbers index covariates.
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Table A15. Heterogeneous Treatment Effects:

ables

Classification Analysis (CLAN) for Selected Vari-

Same-line effect of a limit increase

Grocery line

Retail line

Personal characteristics

Age 3.58 -0.26
[0.000] [0.103]
(3.26, 3.89) (-0.58, 0.05)
Days since initial application 9.69 16.76
[0.000] [0.000]
(4.65,14.79) (11.49, 21.97)
Cashea Club Level 6 0.21 0.29
[0.000] [0.000]
(0.19,0.22) (0.28, 0.30)
Credit position
Pre-experiment total limit 64.42 119.76
[0.000] [0.000]
(57.54,71.19) (11290, 126.60)
High utilization frequency (5%) 0.48 1.68
[0.000] [0.000]
(0.28, 0.68) (1.45,1.90)
Total utilization: top tercile 0.22 0.40
[0.000] [0.000]
(0.21,0.23) (0.38,0.41)
Spending behavior
Average monthly purchases 169.80 213.21
[0.000] [0.000]
(164.13,175.40)  (207.58, 218.77)
Average monthly transaction count 1.34 1.52
[0.000] [0.000]
(1.27,1.42) (1.45,1.59)
Spending volatility 72.96 137.06
[0.000] [0.000]
(68.71,77.13)  (133.08, 140.90)
Repayment history
Maximum days past due -5.59 -13.64
[0.000] [0.000]
(-6.23, -4.93) (-14.51,-12.82)
On-time ratio 0.00 0.03
[0.912] [0.000]
(-0.00, 0.01) (0.02,0.03)
History of default -0.06 -0.16
[0.000] [0.000]
(-0.07,-0.06) (-0.17,-0.15)
Observations 87,578 87,631

Notes: Table compares mean baseline characteristics between the most and least affected quintiles of the predicted
conditional average treatment effect, following Chernozhukov, Demirer, Duflo, and Ferndndez-Val, 2025, using a
random forest proxy. Each entry is the difference in means between the top and bottom quintile, oriented so that a
positive value indicates the more responsive group has more of the characteristic. Only the two same-line
specifications are reported, because these are the specifications in which the test of 8, = 0 in Table A7 rejects
homogeneity. Column 1 restricts the sample to the control group and the two grocery-line arms with grocery-line
purchases as the outcome; column 2 to the control group and the two retail-line arms with retail-line purchases as the

outcome. Estimates are medians over 100 data splits; brackets report p-values and parentheses 95% confidence
intervals.
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B Model Details and Proofs

This appendix characterizes the equilibrium of the model described in Section 3 and includes

formal statements of any technical assumptions, model predictions, and their proofs.

The consumer’s problem. The consumer solves the following optimization problem:

3
max | S Z B U (cqt, cre)
{ear}, {ere}, =1
{act}, {are}
subjectto  (cgr — agt) + (cre — agre) < my Vt, (A1)

0 <ay <min{L;, ¢y} fort € {1,2} and ¢ € {G,R},
a;3 =0forl € {G,R},

where B > 0 is the discount factor, U(cgy, cre) is the instantaneous utility in period t, m; =
ye+xi— (1+7) (ags—1 + ars—1) denotes the net resources available in period f, and x;11 = m; —
[(cgt —agt) + (cre — agre)] is the law of motion for savings. Throughout, r is the interest rate on
credit-line borrowing.

We model mental accounting following Farhi and Gabaix (2019):

U(cg cre) = u(cc, cre) — Y6 [cat — €5t — YR [CRe — CRel

where cj, is the consumption target for category ¢ (described in more detail below) and <y, is the
psychological cost of deviating from that target. The no-mental-accounting benchmark is nested
in this model with vy = ygr = 0.

We make the following assumptions:

Assumption 1 (Preferences). Preferences over state-contingent consumption streams are represented by
time-additive expected utility, as specified in equation (A.1). Utility u : R3, — R is C?, strictly in-
creasing, and strictly concave, and represents a homothetic preference over deterministic within-period con-
sumption bundles. Thus, the consumer is strictly risk averse over lotteries of within-period consumption

bundles.

Assumption 2 (Income states). Period-1 income vy, and period-3 income y3 > y1 are certain, but period-2
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income is risky:

1 in state G, with probability p
Y2 =
y1 — 0 in state B, with probability 1 — p,

with p € (0,1).

Assumption 3 (No static constraint in period 1). The period-1 optimum is interior, i.e., agy < L for
¢ e {G,R}.

Assumption 4 (Regularity). All consumption levels are strictly positive; the good-state limits are strictly
slack in period 2; in the bad state each limit is either strictly slack or strictly binding; and the binding regime

is locally unchanged by the comparative static.

Prediction 1. Without mental accounting (yc = yr = 0), an increase in the category-£ credit limit will

either not affect current consumption in either category or increase current consumption in both categories.

More precisely, in response to an increase in Ly, current consumption will not change in either
category if the category-/¢ credit limit is slack in the bad state, while consumption will increase in

both categories if the category-¢ credit limit binds in the bad state.

Proof. Fix a category ¢ € {G,R}, and let k # ¢ denote the other category. Formally, we seek to

prove that under Assumptions 14,

act,  Ack, > 0, ifline ¢ is strictly binding in the bad state,
oL, 9dL,

=0, ifline /is slack in the bad state.

Thus, absent a current static constraint (Assumption 3), a marginal increase in one category’s credit
limit can never raise current consumption in only that category. The proof collapses this problem
into a period-1 choice between current consumption and a continuation value (Steps 1-2) and then
signs the cross-derivative of the continuation value with respect to the treated limit (Step 3).

By homotheticity and concavity of u, there exist H and ® such that u = ® (H(cg, cr)), where
H is increasing, concave, and degree-one homogeneous, and @ is increasing and concave.

Define total consumption in period 1 as C; = cg1 + cr1 and define indirect utility as

v(C1) = max u(cg,cri) s.t. cg1 +cr1 = C1
CG1,CR1
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Because ® is strictly increasing, the allocation that maximizes u also maximizes H. Since u is
strictly concave, the optimal allocation is unique; homogeneity of H then implies that it is propor-
tional to Cy: ¢;(Cy) = 5,C; for g € {G, R}. Writing k = H(sg,sg) > 0, we obtain v(C;) = ®(xCy)
and v”(C;) = ¥?*®"(xCy) < 0. Therefore, for each g € {G, R},

va<C1)

In other words, an increase in total period-1 consumption implies increases in current consump-

tion in both categories. Since
oL,  9C; OL,’

to show that acq(C1) /0Ly, > 0 whenever L, binds in the bad state of period 2, it is sufficient to
show that dC;/dL, > 0 whenever L, binds in the bad state of period 2.

Step 1: Continuation value.
Define b as: b = x, — (1 +r)(ag1 + agr1) For given period-2 cash-on-hand my = y, + x2 —

(14 7) (ag1 + ar1), define the period-2-and-3 value function

V(le,’ LG, LR) = max M(CGZ,CRQ) + ,B'U(X3 +y3 — (1 + 7’) (EIG + EIR))

CG2/CR2,4G2,AR2,X3>0

s.t. (cca —ag2) + (cra — agr2) < my, (A.2)

0 < ap < min{Ly, cp} forg € {G,R}.

Since period-2 income is y, = y; in the good state and y» = y; — J in the bad state by Assump-

tion 2, and since m, = y» + b, we can define the ex-ante continuation value as of period 1 as
W(b; Lg, Lg) = pV(y1 + b; Lg, L) + (1 = p)V(y1 — 6 + b; Lg, Lg). (A.3)
Since (A.2) is a concave program with m entering linearly, V and W are concave in b. Thus,
Wiy <0

wherever the value function V is twice differentiable.!®

18To see this, take m,m’ and let z,z’ denote choice vectors attaining V(m) and V(m'). For A € [0,1], the bundle
Az + (1 — MA)Z’ is feasible at cash-on-hand Am + (1 — A)m/, since every constraint in (A.2) is linear in the choices and
m (the budget constraint) or independent of m and linear in the choices (a;2 > 0, a2 < Ly, ap < ¢p, x3 > 0). The
objective is concave in the choices, as u is concave and v is concave and composed with a linear function. Hence
V(Am+ (1 —A)ym') > AV(m) + (1 — A)V(m’), so V is concave in mp; W is then a convex combination of concave
functions of b and is concave, so Wy, < 0 wherever it is twice differentiable.
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Step 2: Choose Cy and b in period 1 to maximize expected utility.
Let period-1 total borrowing be A1 = ag; + agr1. The period-1 budget constraint implies x, =

y1 — C1 + Aj. Hence net liquidity carried into period 2 is
b= Xy — (1 —|—7’)A1 =Y — C1 — TA1. (A4)

Equation (A.4) defines b as a function of C;, which we will now write as b(C;). For a fixed Cy,
the consumer chooses the smallest feasible Aj, because current utility is unchanged while contin-
uation utility is increasing in b. Under Assumption 3, A;(C;) = max{0,C; — y; }. Away from the
kink where C; =y,

1 —Cy, G <y,

(1 +T)(y1 — C1), Ci > Y-

b(Cy) =

Thus, b'(C1) < 0 and b”(C;) = 0. Under Assumption 3, the period-1 problem can therefore be
written as

max {v(C1) + BW(b(Cy); L, Lr)} -
1
Its first-order condition is

v'(C1) + BWy(b(C1); Lg, Lr)b'(C1) = 0. (A.5)

Let C] denote the value of C; that solves equation (A.5). Then, defining D; as the derivative of the
left-hand side of equation (A.5) with respect to Cy,

Dy = 0"(C7) + BWi (b(Cy); L, Lr) [V (C})]? + BWy (b(C1); Lg, Lr)b" (Cr) <0,

where the latter term equals zero since b”(C;) = 0. Implicit differentiation gives

oC; B (CH)WyL,
L, D,

(A.6)

Since b’ < 0and D; < 0,

oC;
sgn (E)Lz > = —sgn(Wyr,).
Therefore, to show that dC} /dL, > 0, it is sufficient that W;, 1, < 0.

Step 3: Determine the sign of Wy 1.
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Since my = y; + b in the good state and m, = y; — § + b in the bad state,

Wi, = PV, (y1 +b;Lg, Lr) + (1 = p)Viu, 1, (y1 — 6+ b; L, LR) -

Under the maintained regime, line / is strictly slack in the good state in period 2, so the good-state

optimum and value are locally unaffected by L;:
Viny,L,(y1 +b; Lg, Lr) = 0.
Consequently,

Wiy, = (1= p)Vi,1,(y1 =6+ b; L, LR) .

It therefore suffices to determine the sign of V;,, 1, in the bad state under three exhaustive cases:
(i) both lines bind in period 2, (ii) only line ¢ binds, (iii) line /¢ is slack, regardless of whether line k
binds.

Case 1: Both lines bind. Suppose both lines bind, i.e., agy = Lg < cg2 and agy = Lr < cgry. Because
r > 0, borrowing and positive saving cannot coexist, so when both lines bind x3 = 0. The period-2
resource constraint when both lines bind is cgz + crp = m2 + Lg + Lg. Because ¢; > L; for both

categories, the composition of consumption is not constrained. It follows that
V(m;Lg,Lr) =v(m+ Lg+ Lr) + Bo(ys — (1 +7)(Lg + Lr)) -
Thus for either category g € {G, R},
Vi1, (m; Lg, Lr) = v (m + Lg + Lg) < 0. (A.7)

Case 2: Only line ¢ binds.
In this case,

ap =1Ly < ¢y, ar < Ly.

The Lagrangian of the continuation problem (A.2) is

L = u(cca, cra) + po(ms) + A {mz —(cc2 —aG2) — (cr2 — ag2) — X3}

(A.8)
+ Z |:77‘7 (L‘? - “qZ) + gq a2 + Hq (qu — ﬂqz)] + vx3,
q€{GR}

where m3 = x3+y3 — (1 +7)(agy + ar2), A is the multiplier on the period-2 budget constraint,
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and 14, (g, Hg,v > 0 are the multipliers on a; < Lg, a5 > 0, the accounting constraint a; < ¢4, and
x3 > 0, respectively. Since all consumption levels are strictly positive, the first-order conditions

for Cq2 and ag2 hold with equality:

0L/dcp = ug—A+p; =0, (A.9)
0L/dagp =A—B(1+71)0' (m3) =15+ g —pg =0, (A.10)
9L /dx3 = Buv'(m3) — A +v =0. (A.11)

Adding (A.9) and (A.10), the multiplier y1,; on the accounting constraint cancels, leaving
ug = P(1+r)v' (m3) + 15—y, ms = x3+vy3 — (1+7)(ac + ag). (A.12)

For the strictly binding line, 2 = L, > 0, so 57, > 0 and {;, = 0. For the other line, 77, = 0 and
Cr > 0. Hence
up > B(1+47r)0' (m3) > uy,

and therefore

Ug > Ug. (A.13)

Moreover, all consumption of category k must be credit-financed. If
¢ —ag >0,

one could shift a small amount of cash spending from category k to category ¢, leaving debt and

all intertemporal resources unchanged, and raise utility by (A.13). Hence
a = ¢, < L. (A.14)
The same no simultaneous saving and borrowing argument used above gives
x3 = 0.
Equations (A.14) and the period-2 resource constraint imply
cg = mp+ Ly.

Since V is locally independent of L; on this regime (shown below), we suppress Ly and write
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V(my; Ly). The continuation problem therefore reduces to
V(mg; L) = max {u(my+ Ly, cx) +Bo(ys — (1 +7)(Le+cx))}- (A.15)
k

We first establish that uy > 1y, which will be needed to sign V,,, 1, below. Since u = ® o H,

we can differentiate u to obtain u and uy,. By subtracting them,
uge — gy = D" (H)Hy(Hy — Hy) + O’ (H) (Hye — Hyp). (A.16)
Because @’ > 0, condition (A.13) is equivalent to
Hy > Hy.

Since ®” < 0, the first term in (A.16) is strictly positive.

Degree-one homogeneity of H implies
ceHpp + cxHye = 0.
Therefore, concavity of H gives

Cy
Hye — Hyp = — <1 + Ck> Hy,

> 0.

It follows that
Upe > Ugy. (A.17)

Thus, the Hessian restriction needed is implied by risk aversion over the aggregate, convex ho-
mothetic intratemporal preferences, and the one-bind KKT condition (A.13).

Let ¢ (my, Ly) solve (A.15), and define
m5 =ys— (1+7)(Ly+cp), I =p(1+7)*"(m}) <0,
The first-order condition for ¢y is

up(ma + Ly, c) — B(1+ 1)’ (m3) = 0.
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Implicit differentiation gives

aCZ Upk + Tr
— = — . A.l
dL, upe + T (A-18)
The envelope theorem gives
sz - I/l/.
Combining this with (A.18),
dcy
Vi L, = e + tos 7
S (A.19)
_ vegt — e + T (ugr — ugr)
ue +T |

The function u = ® o H is concave, so
—u2 >0
Mgfukk ugk =~ U.
Moreover,
ug +1 <0,

while (A.17) and I' < 0 imply
T(uge —uge) > 0.

The numerator of (A.19) is therefore strictly positive and its denominator is strictly negative.
Hence

Vi1, < 0. (A.20)

Because a; = ¢ < L holds strictly, a marginal change in L leaves the feasible set unchanged
near the optimum. Concretely, the envelope theorem applied to (A.15) gives Vi, = uy(my +

Ly, ci(ma, L g)), where c; solves the first-order condition
le<H12 + Lg, Ck) = ’B(l + 1’) Z)/(yg — (1 + T)(Lg + Ck>),

in which L does not appear; hence dc; /9Ly = 0. Differentiating V,,,, in Ly,

d(my+ Ly) ocy
V = ) e — = O'
my, Ly = Uey L + Uk oL,

Case 3: Line { is slack. If ay < Ly, a marginal increase in L, does not change the feasible set locally.
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Thus,
Vi, = 0. (A.21)

To show this, consider the Lagrangian and its first-order conditions from (A.2)—(A.11). Since line
¢ is strictly slack and the regime is locally unchanged (Assumption 4), 77, = 0 in a neighborhood

of (m, Ly), and therefore
VL[ = Ug =0
throughout that neighborhood, which implies (A.21). This argument does not use the status of

line k, so it covers both the only-k-binds and neither-binds regimes.

Completing Step 3.
Cases 1-3 exhaust the bad-state regimes permitted by Assumption 4. Returning to the state

Ly my,Ly

Cases 1 and 2 give anz 1, < 0 whenever line ¢ is strictly binding in the bad state (equations (A.7)
and (A.20)), while Case 3 gives V.2 | = 0 when line / is slack (A.21). Hence

ma,Ly

< 0, ifline ¢ binds in the bad state,
W1, (A.22)

=0, ifline ¢ is slack in the bad state.

Substituting (A.22) into (A.6) gives us:

ac; | > 0, if line ¢ binds in the bad state,
oL,

=0, ifline ¢ is slack in the bad state.

Finally, homotheticity and the absence of a current static constraint imply

e = $qC1, sq > 0.

Therefore,
acg;l aC;

TLK = Sqm, q S {G,R},
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and we arrive at the conclusion:

acggl > 0, ifline ¢ binds in the bad state,

L 0, ifline ¢ is slack in the bad state.

O]

We now turn to Prediction 2. We now assume consumers may exhibit mental accounting: the

instantaneous utility is

U(CGt/CRt) = u(CGt/CRt) —YG ’CGt - C?}t’ — TR |CRt - C§t|,

where the targets cy; are specified below (g € {G,R}). Assumptions 1-4 carry over, except that

homothetic preference is no longer assumed. We impose the following additional assumptions:

Assumption 5 (Pre-cue targets). Before the limit change, the targets equal the consumer’s existing plan:
the solution (C41, 42, Cyga, b) of the frictionless problem at the original credit limits (Lg, Lr), where Cq2,Cg3
denote the plan in the realized state (we suppress the income state superscript to lighten notation). (At this
plan every penalty term is zero, so the plan remains optimal under mental accounting before the cue caused

by credit-limit changes.)

Assumption 6 (The cue and the target reset). A marginal increase in the category-¢ limit is a salient
cue about category £. The consumer resets the category-£ targets to cj, across all t and all states by solving
the local single-category problem defined in Step 1 below, holding the category-k targets fixed at Cys. Re-
optimizing the full two-category problem is mentally costly and is not undertaken. After resetting the
consumption mental targets, the consumer solves the consumption and borrowing problem (A.23) below

with our explicit formulation of mental accounting and costly deviations from consumption targets.

Assumption 7 (Large mental penalties for deviating from mental targets). g and yr exceed the

finite threshold 7 constructed in Step 4 below, so that deviating from the targets is never optimal.
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The consumer’s problem. Given a target path {c;‘t}, the consumer chooses consumption, bor-

rowing, and saving, state by state, to solve

max [Ey
{eqr age, Xei1}

3
Z 5t71 (“(Cct,CRt) — 76 lect = ¢Gel — YR lere — C}kzt\)]
t=1

s.t. (cgt —agt) + (cre — age) + X411 = my, te{1,2,3}, x4 =0 (A.23)
me =y +x — (1+7) (ag—1+ar—1), x1 =0, a,=0,

0<agp <min{L;cu} (t€{1,2}), ap=0 x4 >0.

This is exactly problem (A.1) of Prediction 1 with the two penalty terms added; setting yg = yr =
0 recovers (A.1).

The timing is as follows. (i) Before the cue, the targets equal the pre-cue plan (Assumption 5),
which solves (A.23) with all penalties equal to zero. (ii) The limit increase arrives, and the con-
sumer resets the category-/ targets through the local problem of Assumption 6, formalized in Step
1 below. (iii) The consumer then solves (A.23) at the new credit limit with the new mental targets.
Steps 1-3 of the proof characterize the reset targets; Steps 4-5 show that the solution of (A.23)

coincides with them.

Prediction 2. With sufficient mental accounting (yc > 4 > 0and ygr > 4 > 0), an increase in the
category-¢ credit limit will either not affect current consumption in either category or lead to an increase

in current consumption only in category ¢ with no spillover to the other category.

Proof. Fix a line ¢ € {G,R}, and let k # ¢ denote the other category. Formally, we seek to prove

that under the assumptions above, actual period-1 consumption satisfies

acy | > 0, ifline ¢ is strictly binding in the bad state, dci
f —— = 0 in both cases.
¢

. . . oL
=0, ifline ¢ is slack in the bad state, ¢
Thus a category-/ limit increase either moves consumption in neither category, or moves category-

£ consumption alone.

Step 1: The target-reset problem.
The consumer re-optimizes only the category-{ consumption path, holding the category-k path

fixed at the pre-cue plan. For period-2 cash-on-hand m;,, define the frozen-k continuation value as
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the following:

V(my; Ly, Ly) = o amax u(cq, C2) + Bu(ms — Ci3, Cr3)

st. (cp—ap) + (Cro — ax) + x3 = my, (A.24)
ms = x3+y3 — (14 7)(as + ax),

0 <ay <min{Ly,c/}, 0 < ax < min{Ly, ¢}

This is the program (A.2) with the category-k consumption path frozen: in period 2 the consumer
buys ¢y, in period 3 she buys k3, and category ¢ absorbs the terminal budget. Define the ex-ante

continuation value
W(b; Ly, L) = pV(y1 +b;Le, L) + (1= p) V(y1 — 6 + b; Ly, Ly).- (A.25)

Following (A.4), b is the net liquidity carried into period 2. As with (A.2), program (A.24) is
concave and m enters linearly, so V and W are concave in cash-on-hand: Wj,;, < 0.

The new period-1 category-/ target is
¢ = arg max {”(Cf/ Cua) + BW(b(ee +n); Ly, Lk)} , (A.26)

where b(-) is constructed in Step 2 of the proof of Prediction 1 (' < 0, b” = 0 away from the kink).
The future category-/ targets are the optimal policies inside V, and the category-k targets stay at
Ch-

Two properties of the target reset problem are important for the analysis below. First, at the
original credit limits, the reset problem returns the pre-cue plan itself: freezing the category-k path
at (Cy1, Cro, Ck3) and re-optimizing the category-/ path recovers cj; = ¢/ and the pre-cue continua-
tion plan, since the pre-cue plan solves the unrestricted problem and the solution is unique within
the maintained regime. The comparative statics in Step 2 are therefore evaluated at the pre-cue
plan. Second, and consequently, the binding pattern inside V at the original limits is the pre-cue
plan’s own regime, which is fixed by Assumption 4. In particular, a marginal increase in L, does

not switch the regime.

Step 2: Response of the category-{ target.
The first-order condition of (A.26) is

u((CZ1/5k1) + ,BWb b =0.
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Let
151 = ugg(czl,c';d) + IB Wbb [b/]z < 0.

Implicit differentiation gives

dc;;  pY Wi,
oL, D, '

SO sgn (8ng > = —sgn(Wy,). (A.27)

It remains to sign Wb, L

Step 3: The sign of Wb,u.
As in Step 3 of Prediction 1, the buffer enters period-2 cash-on-hand one-for-one in both states,
so
Wyt = pVC, +(1—p) VP
b/L[ p m,L/ p m,Lg’
where the superscripts denote the good and bad states, and the slackness of the good-state limits
gives anu = 0. Two bad-state cases remain.

Case 1: Line ¢ binds. Suppose a; = Ly, < ¢, with a strictly positive multiplier 7, > 0. Attach
multipliers to program (A.24) as in (A.8): A on the budget constraint, 77; > 0 on ag2 < Ly, G >0
onap > 0,4 > 0onap < cp, pp > 0onagy < G, and v > 0 on x3 > 0. Writing w3 =

ug(mz — Cy3, Cx3), the first-order conditions are

depy o ug(cp, Cro) — A+ =0, dap: A—PBA+r)up—1n+C—pur =0,
0y A—B(L+r)upm —nr+lk— =0, ox3: Pup—A+v=0.

Since a;, = Ly < ¢y implies uy = {y = 0, the ¢, condition gives A = uy(cyp, &k2), and adding the

cpp and agp conditions gives the analogue of (A.12) for the frozen problem,

up(cr, Cro) = BAA+7)ups +1, > B(1+71) ugs.

Three consequences. First, x3 = 0: the x3 condition gives v = A — Buy; = ugp — Pug > Prugs >0,
so x3 > 0 binds (borrowing at gross rate 1 +r > 1 and saving cannot coexist). Second, 4y sits at
its upper corner: an interior a; (x = (x = yr = 0) would force A = B(1 + ) uy3, contradicting

A =uy > B(1+47r)up, and ay = 0 would force gy = B(1+r) uis — A < 0; hence
ar = min{Ly, G2},

with multiplier 1, + px = A — B(1+71) 13 = 17, > 0 (every unit of category-k spending that can be
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financed on line k is, freeing period-2 cash for category-¢ consumption at a period-3 cost of 1 4 7).
Third, since every active multiplier is strictly positive (174, v, i + px > 0), the active set is locally

constant in (m, L), and the binding constraints pin down the solution: the budget constraint gives
¢y = mz+ Ly +arp — Ca,

in which L; enters only through the binding constraint a;, = Ly, so dcyp/dmy = dcpp /0Ly = 1.

The continuation value on this regime is the pinned-down expression
V(ma; Le) = u(my+ Ly + axy — Gra, r2) + Bu(ys — (1 +7)(Le + axp) — Cra, Ck3)- (A.28)

Differentiating (A.28) in m gives sz = uy(cp, Cx2). Since dcpp /Ly = 1 while the period-3 term
contains Ly but not m,

Vin, L, = (2, Cha) < 0. (A.29)

Note the contrast with (A.19): the term u dc;/dL, is absent because the category-k path does
not adjust. Neither the Hessian restriction (A.17) nor homotheticity is used. If line k also binds

(a2 = Lo < Cxp), the same expressions apply with a4y, = Lip; no separate case is needed.

Case 2: Line { is slack. If ay < Ly, a marginal increase in L, does not change the feasible set locally,

$0 Viy,,r, = 0.

Combining the two cases with the state decomposition,

_ = (1—p)uwp(cp, ) <0, ifline ¢ binds in the bad state,
Wi, (A.30)

=0, if line ¢ is slack in the bad state,

and substituting (A.30) into (A.27) yields

ac, | > 0, ifline ¢ binds in the bad state,
dLy

= (0, ifline ¢ is slack in the bad state.

The category-k targets are unchanged by construction: dcy,/dL, = 0 for all ¢.

Step 4: With large penalties, consumption equals the targets.
After the reset, the consumer solves problem (A.23) at the new credit limit with the new mental
targets. We show the optimal plan is the target plan itself. Three observations.

First, the target plan is feasible: the reset problem (A.24)—(A.26) enforces every budget con-
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straint, and the frozen category-k path was feasible before the cue and remains feasible at the
weakly larger limit.

Second, the objective is concave: u is concave, each penalty —74|cgt — cy| is concave, and all
constraints are linear. Therefore any plan satisfying the first-order (subgradient) conditions is a
global maximum.

Third, the target plan satisfies these conditions when the penalties are large. Consider first
the period-1 choice. Suppose for the moment that in periods 2-3 the consumer keeps every cy; at
its target; this is verified at the future nodes below, and that verification does not use the present
paragraph. Under this supposition the periods-2-3 value of (A.23) coincides with W for every
buffer near the target plan’s (the future-node inequalities below are strict under Assumption 4

and vary continuously with the buffer), so period-1 consumption solves

max 1(cc, cr) = Yclec — ccal — YRICR = CRa| + B W(b(c +cr))-

At a kink of the penalty, the derivative of [c; — c;; | may take any value g; € [—1,1]. The candidate
(ciy, 1) is optimal if and only if there exist g7, gx € [—1,1] with ug — 7,8, + BWsb’ = 0 for both

categories, that is, if and only if
lue(ciy, Ga) + BWeb' | <vp  and | ug(chy, e) + BWeb' | < s (A.31)

The first inequality holds with its left-hand side equal to zero: that is exactly the first-order condi-
tion of the reset problem (A.26). The cued category sits at its own target, and its penalty is inert
for any vy > 0. Substituting this first-order condition, ,BWbb’ = —uy, into the second inequality
gives
| ue(cir ) — ue(cir, Ga) | < me (A.32)
Not deviating in period 1 requires only that the marginal-utility gap between the two categories,
evaluated at the target plan, not exceed the penalty.
The future nodes have the same structure, with one refinement. Inside the reset problem,
category-¢ consumption at each node (period 2 and period 3, in each state) is chosen freely, so its

tirst-order condition equates 1, to the shadow price A of that node’s resources. The subgradient

condition for holding cy; at its target at that node is:
| (ot Cr) = A+ piic | < v,
where y; > 0 is that node’s multiplier on the accounting constraint a; < c¢i: exactly as in (A.8),
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Uy enters the ¢, first-order condition, and it does not drop out here because cj; carries a penalty
while ay; does not. At period 3 (a3 = 0), at the good-state period-2 node (limits slack), and at the
bad-state node whenever a;; < ¢ —in particular when line k binds, 4y, = Ly < ¢y, —we have

#r = 0 and the condition takes the same form as in period 1:

| uie(cor, Crr) — uecr Cr) | < 1

At the bad-state node in the corner established in Case 1 of Step 3, however, all category-k spend-
ing is credit-financed on a slack line (ax, = ¢y, < Li). There a marginal unit of ¢y, relaxes the
accounting cap ax, < ¢y, one-for-one, so it is financed by borrowing rather than by period-2 cash:
the ay, first-order condition gives py = A — B(1 4+ r) uy(Ms — G3, Ch3) > 0, and the condition be-
comes

| i (cr, Cra) — B(1 4 1) tg(M3 — G, Cis) | < Y

Borrowing and saving carry no penalties and are chosen optimally in the reset problem, so their
Kuhn-Tucker conditions hold exactly.

Define % as the largest of these gaps across the (at most five) nodes of the target plan,

Yk = max | ug(ce, Crr) — At + pia
t, state

7

a finite number, where A; — i equals (¢, €k ) at every node except the bad-state credit-financed
corner, where it equals B(1 + ) 1,(M3z — Ci3,C3); the period-1 bundle is (cj;,x1). If v > T,
every subgradient condition above holds: the future nodes stay at their targets, the periods-2-3
continuation of (A.23) therefore coincides with W as supposed, and the period-1 conditions hold
as shown. By concavity the target plan is a global maximum of (A.23). The consumer’s actual

consumption equals the targets in every period and state:
Co1 = Cpy, k1 = Cr1-

Remark (how large must the penalties be?). At the pre-cue plan, if line k is slack in the bad
state, every gap in the definition of ¥ is zero: the frictionless first-order conditions equate 1y to
uy at the cash-financed nodes, and at the credit-financed corner they give uy = (1 +r) v'(M3) =
B(1 + ) uy(Cs, Ck3). By continuity, ¥ = O(ALy) for a marginal limit increase: any fixed v, > 0
then sustains the target plan, and economically large penalties are needed only for discrete limit
changes. (If both lines bind in the bad state, the pre-cue gap at that node is |1x — 74|, generically

positive, and the large-y requirement is substantive.)
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Remark (the re-optimization decision uses only known marginal utilities). Conditions (A.31)-
(A.32) show that the decision not to deviate from the targets requires only the partial derivatives
of u, evaluated at the current plan. The consumer never computes the value of re-optimizing: she
compares the marginal utility of the target good with the shadow price of its cheapest marginal
financing—the other good’s marginal utility when the marginal unit is cash-financed, the dis-
counted repayment cost when it is credit-financed—and stays put when the gap is smaller than
the penalty. Concavity is what makes this local test sufficient—a first-order comparison at the
current plan with known parameters settles the global question of whether any deviation, small
or large, would be worthwhile. This matters for the interpretation of the model: a consumer for
whom full re-optimization is costly can decide whether re-optimization is worth undertaking with-
out performing it. By contrast, if the friction were a lump-sum cost of adjusting, the stay-or-adjust

decision would itself require computing the re-optimized value.

Step 5: Conclusion.
Combining Steps 3 and 4: actual category-¢ consumption moves one-for-one with its target,

and actual category-k consumption stays at its unchanged target. Therefore

acy | > 0, if line ¢ binds in the bad state, aci

a—u a—L( = 0 in both cases.

=0, ifline /is slack in the bad state,

A category-{ limit increase either moves consumption in neither category, or raises category-¢

consumption alone, with no spillover. O
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C Testing for Heterogeneous Treatment Effects

To test for heterogeneous treatment effects in a structured manner, we implement the machine-
learning methodology proposed by Chernozhukov, Demirer, Duflo, and Fernandez-Val (2025).
We focus on whether there is predictable heterogeneity in the treatment effect of our monthly
purchases outcome. We measure purchases in the same way as equations 7 and 8.

Following the notation in Chernozhukov, Demirer, Duflo, and Ferndndez-Val (2025), we con-

sider the conditional average treatment effect (CATE):
so(Z) := E[Y(1)|Z] — E[¥(0)|Z],

where Y(1) and Y (0) are the potential outcomes with and without treatment on the given credit

line. The best linear predictor of so(Z) given S(Z) is the solution to

min E[so(Z) — by — b2S(Z)?,

by,by

which, if it exists, is
BLP[so(Z)|S(Z)] = 1+ B2(S(Z) — E[S(Z))]),

where B1 = E[so(Z)] and B2 = Cov[so(Z),S(Z)]/Var[S(Z)]. If S(Z) is a perfect proxy for so(Z),
then Cov[syo(Z),S(Z)] = Var[S(Z)] and thus B, = 1. In general, B, # 1 due to noisy predictions
S(Z).1f S(Z) is purely noise and uncorrelated with so(Z), then f, = 0. Furthermore, if there is no
heterogeneity, i.e., so(Z) = s, then py = 0 because Cov[so(Z), S(Z)] = Cov([s,S(Z)] = 0. Rejecting
the hypothesis that B, = 0 therefore indicates that both (i) S(Z) is a relevant predictor and, more
importantly for our purposes, (ii) three is heterogeneity in so(Z). Therefore, by estimating the B>
coefficient of BLP[s9(Z)|S(Z)] and testing whether the coefficient is significantly different from
zero, we can empirically test for heterogeneity in the treatment effect across individuals. 19

In the ML step, we consider supported vector machine, elastic net, random forest, and neural
net, and choose the model that maximizes A = |B2|*Var(S(Z)) « Corr*(so(Z),S(Z)) for the BLP
analysis.’. Maximizing A is equivalent to maximizing the correlation between between the ML
proxy S(Z) and the CATE s((Z), or equivalent to maximizing the R? in the regression of so(Z)

on S(Z). The model that maximizes A for each of our analyses of purchase behavior is random

9The coefficient estimates will depend on the data split that takes place before training the machine learning models.
The coefficient estimates, p-values, and lower and upper bounds of their confidence intervals that we report in the
tables in this appendix are the medians of the estimates and confidence intervals from 100 such distinct splits, as
recommended by Chernozhukov, Demirer, Duflo, and Ferndndez-Val (2025).

20Since each of the 100 data splits leads to a different A, we maximize the median A from the 100 data splits.
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forest.

Table A7 shows that we are able to reject the null hypothesis of no heterogeneity in treatment
effects for same-line responses and unable to do so for either cross-line effect.

Given that we detected heterogeneous treatment effects in same-line purchase responses, we
follow Chernozhukov, Demirer, Duflo, and Fernandez-Val (2025) to determine which characteris-
tics predict the strongest response in monthly purchases. To do this, we split the data into training
and estimation samples, and after training the ML model on the training sample, we use the model
to estimate predicted individual treatment effects for each individual in the estimation sample. We
then group individuals int he estimation sample into quintiles based on their predicted individual
treatment effects and estimate “group average treatment effects” (GATES) for each quintile. Then,
we estimate differences in average characteristics Z across groups with the highest and lowest
predicted treatment effects, the most-affected and least-affected groups, in a classification analysis
(CLAN).

For both the GATES and CLAN analyses, we choose the model that maximizes A = YK , 1iP(S €
I), where x = E[so(Z)|Gg] is sorted group treatment effect for group k, and Gy = {S € I} is
the group defined by the interval Iy = [Iy_1, Ix); in our case these intervals correspond to quintile
bins of S. Maximizing A is equivalent to maximizing R? in a regression of so(Z) on S(Z), where
S =YK  %1(S(Z) € I). The model that maximizes A is random forest for all four outcomes.

Figure 8 presents the result of the GATES analysis, estimating treatment effects for each of the
five quintiles, by predicted treatment effects. Consistent with our findings in Table A7, we find
that the confidence intervals between Q1 and Q5 do not overlap for either same-line comparison,
indicating that there are significant heterogeneous treatment effects. In Table A15, we present
a CLAN analysis to understand which individual traits are associated with the largest impacts
on monthly purchases for the two same-line outcomes where we observe statistically significant

heterogeneous treatment effects.
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