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Abstract

We examine the robustness of the results of the three main treatments of
the debt aversion experiment by Martinez-Marquina and Shi (2024). While
the original experiment is conducted on Amazon Mechanical Turk, we em-
ploy student participants. While participants in our experiment choose return-
maximizing strategies much more frequently than those in Martinez-Marquina
and Shi (2024), our findings corroborate their observations that participants
burdened with debt tend to forego the “certain and maximum profit invest-
ment opportunity” in favor of prioritizing debt repayment.
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1 Introduction

Debt aversion is a person’s attitude toward debt, characterized by, for example, a
reluctance to borrow even for investments in human capital (Eckel et al., 2007).
Several empirical studies have demonstrated how this attitude influences financial
decisions. For instance, entrepreneurs who are debt-averse show less interest in
COVID-19 support policies if they involve debt financing (Paaso et al., 2023).
Similarly, debt-averse homeowners with limited access to capital are less likely
to adopt retrofit measures than their non-debt-averse counterparts who also have
poor access to capital (Schleich et al., 2021). Moreover, debt-averse students often
hesitate to take out loans to finance their college education (see, e.g., Boatman
et al., 2017; Callender and Mason, 2017; Callender and Jackson, 2005). These
findings suggest that debt aversion can lead to suboptimal financial decisions by
causing individuals to forgo profitable investment opportunities.

Recently, Martinez-Marquina and Shi (2024, MMS2024 below) showed, via
their experiments conducted on Amazon Mechanical Turk (MTurk), that partic-
ipants have a preference for prioritizing debt repayment over choosing a risk-
free profit-maximizing investment opportunity. While some experimental studies
provide evidence of debt aversion influencing consumption decisions,' prior to
MMS2024, no research focused on its effects on portfolio allocation decisions.
While their main result—one-third of their participants ignore risk-free high re-
turns and focus on repaying the debt—is intriguing, it also raises certain con-

cerns. More specifically, in their baseline treatment without debt, on average,

For example, Meissner (2016), Ahrens et al. (2022), and Duffy and Orland (2025) have ob-
served debt-averse behavior in borrowing decisions, where individuals hesitate to borrow even
when it would be beneficial to increase consumption.



less than 75% of the funds were allocated to the risk-free, maximum-return ac-
count. Furthermore, fewer than 40% of participants consistently chose the risk-
free, return-maximizing option across all decisions. These low frequencies of
return-maximizing behavior raise questions about whether the results obtained
from MTurk samples are robust if the experiments are conducted with participants
from other subject pools.

The literature suggests that while point estimates vary, the comparative static
results, such as the comparison of behavior between treatments with and without
debt, tend to be robust regardless of the participant pool (see, e.g., Snowberg and
Yariv, 2021; Hanaki et al., 2024). However, the magnitude of the effect of debt
aversion reported in MMS2024 should be evaluated in various populations to have
a better understanding of its economic consequences. In this paper, therefore, we
consider the three main treatments of MMS2024, and conduct experiments with
students from a highly selective university in Japan.

The participants in our experiment have significantly higher cognitive ability
and are substantially more prudent and less loss-averse compared to the overall
Japanese adult population (Hanaki et al., 2024). Their cognitive abilities are as
high as, although their score on the financial literacy test is significantly lower
than, that of certified financial professionals (Bao et al., 2025). As a result, they
misperceive the risk associated with a complex financial product that these cer-
tified financial professionals do not (Hanaki, 2021). These characteristics of our

participants provide a good robustness check for the results of MMS2024.

?Numerous studies have investigated the relationship between behavioral biases and the cog-
nitive abilities of participants. For example, Frederick (2005), Burks et al. (2005), Oechssler et al.
(2009), and Benjamin et al. (2013) report that individuals with higher Cognitive Reflection Test
scores tend to make more rational choices, exhibit less risk aversion, show less loss aversion, and
demonstrate greater patience.



In this paper, we ask the following research questions: in our student sam-
ple, (1) whether a lower proportion of return-maximizing allocation behavior is
observed in the conditions with debt than those without debt, and (2) whether
return-maximizing behavior is more likely to be observed in the condition with
non-repayable debt than that with repayable debt.

In the experiment, participants are required to allocate experimental currency
in the form of points to several virtual accounts with different interest rates and
balances. This allocation occurs four times over a week, and the virtual accounts
generate returns over time. The points available for allocation in each decision
depend on the accounts’ balances and the interest they generate. The payoff of
participants depends on the sum of the final balance and the interest earned at
the end of the experiment. To maximize the payoff, therefore, participants should
always allocate all experimental currency to the account with the highest interest
rate.

There are three treatments, with the initial balances and set of accounts to
which participants allocate points, being the only difference among them. In the
first treatment, “No Debt,” participants can allocate points only to accounts that
start with positive balances, providing a baseline for the fraction of participants
who follow the return-maximizing strategy in the absence of debt. In the second
and third treatments, “Low Debt” and “High Debt,” respectively, two of the ac-
counts to which participants can allocate points start with a negative balance (i.e.,
debt); in the “Low Debt” treatment, it is possible for participants to fully repay
the debts, while in the “High Debt” treatment, full repayment is not possible. The
interest rates for each account remain constant across these three treatments, and

the initial balances of accounts are adjusted so that the return-maximizing action



remains the same regardless of the presence or absence of debt.

The findings of MMS2024 from these three treatments can be summarized as
follows. (a) In the first allocation, on average, 73% of the fund is allocated to the
account with the highest interest rate in the No Debt treatment, while it is 47% in
the Low Debt treatment, where 32% of the initial allocations are used to repay the
debt with the highest interest rate. (b) While 38% of their participants consistently
allocated all the funds to the account with the highest interest rate across four
decisions in the No Debt treatment, only 13% did so in the Low Debt treatment.
(c) These differences between No Debt and Low Debt are due to many participants
in the Low Debt treatment trying to repay the debt in full before maximizing
returns. Indeed, 38% of participants in the Low Debt treatment fully repaid at
least one debt, and 20% repaid all debts. (d) There are heterogeneous responses
when debt cannot be fully repaid in the High Debt treatment. More specifically,
while fewer participants try to repay the debt in the High Debt treatment than in
the Low Debt treatment, some try to do so with larger financial losses.

While a much higher proportion of our participants maximized return, our
results are mostly consistent with the findings of MMS2024. For the initial allo-
cation, participants in the Low Debt treatment allocated significantly less to the
account with the highest interest rate than those in the No Debt treatment. On
average, while 93% of the initial allocation in the No Debt treatment was to the
account with the highest return, it was 75% in the Low Debt treatment. Instead,
19% of the initial allocation in the Low Debt treatment went to repay the debt
with a higher interest rate. In addition, the proportion of participants who max-
imize returns in all decisions is lower in the Low Debt treatment (57%) than in

the No Debt treatment (73%); this difference is statistically significant. Thus, the



answer to our first research question is positive. However, we do not observe het-
erogeneous responses in the High Debt treatment. The proportion of participants
who maximize the return in all decisions is not significantly different between the
High and Low Debt treatments. In our experiment, the fraction of participants
who repaid the debt in full in the Low Debt treatment is only 2%, compared to
20% in MMS2024. Thus, the answer to our second research question is not posi-
tive. Overall, we consider debt averse behavior observed in MMS2024 is robust,
although the magnitude vary across populations.

The rest of the paper is organized as follows: Section 2 describes the exper-
imental design, Section 3 provides an analysis of the data, and Section 4 offers

some concluding remarks.

2 Experimental design

Our experiment closely follows the main experimental setup of MMS2024.

2.1 Basic setting

In the experiment, participants manage several virtual accounts characterized by
varying interest rates and balances, that yield returns over time. The balances
fluctuate based on the participants’ allocation decisions, while the interest rates
are held constant throughout the experiment. Accounts with positive balances ac-
crue positive returns, whereas those with negative balances incur negative returns.
Accounts that start with positive balances are called Savings accounts, and those
beginning with non-positive balances are termed Debt accounts.

Specifically, each participant owns six accounts with different interest rates:
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four are allocatable accounts and two are locked accounts. Participants allocate
points—the experimental currency—to the allocatable accounts four times over
the course of a week. The timeline is structured as follows: participants are ini-
tially assigned virtual accounts and receive an initial endowment of 500 points.
All these points must be allocated to their allocatable accounts. Two days after
the first allocation decision, participants receive returns generated from their ac-
counts and must allocate these points to their accounts. This process continues for
one week, resulting in a total of four allocation decisions.

Participants are paid based on the sum of total balances and the returns after
the final allocation. To maximize their payoff, participants should allocate all
points to the account with the highest interest rate, regardless of the distribution

of balances, including the presence of accounts with negative balances.

2.2 Treatments

There are three treatments with varying initial balances across six accounts: No
Debt, Low Debt, and High Debt. They are summarized in Table 1. In the table,

allocatable accounts are shown in black and locked accounts are shown in gray.

No Debt Treatment. This serves as the baseline for analyzing return-maximizing
behavior. In this treatment, all the allocatable accounts are Savings accounts.
Panel (a) of Table 1 provides detailed information about each account’s interest
rate and balance. Savings 1 has the highest interest rate among the four accounts,
suggesting that the return-maximizing allocation strategy would be to direct all the
points to this account. Debt 1 and Debt 2 are locked accounts with a zero balance

and do not generate any returns. This setup controls for the potential influence of



Table 1: Initial Balance of Three Treatments

(a) No Debt
Savings 1 Savings 2 Savings 3 Savings 4
Interest Rate 20% 10% 15% 5%
Balance 1100 700 900 1500
(b) Low Debt
Savings 1 Savings2 Debt1 Debt2
Interest Rate 20% 10% 15% 5%
Balance 1100 700 -900 -1500
(c) High Debt
Savings 1 Savings2 Debt1 Debt2
Interest Rate 20% 10% 15% 5%
Balance 1100 700 -2900 | -3500

the existence of the term “debt” on participants’ allocation decisions.

Low Debt and High Debt treatments. Two of the four unlocked accounts have
negative initial balances and generate negative returns before subsequent alloca-
tions. Panels (b) and (c) of Table 1 provide detailed information about each ac-
count’s interest rate and balance for these treatments. Unlike in the No Debt
treatment, participants can allocate points to Debt 1 and Debt 2. However, Sav-
ings 3 and Savings 4, which have the same interest rates as Debt 1 and Debt 2,
respectively, are locked to maintain the same number of investment opportunities.
Moreover, the initial balances are such that the sum of the balances of Savings 3
and Debt 1, both with the same interest rate of 15%, is equal to 900 in all three
treatments. The same adjustment is applied between Savings 4 and Debt 2; their
interest rates are both 5% and the sum of the initial balances are 1500 in all three
treatments. Thus, despite the presence of negative balances in the two treatments

with debt, the return-maximizing strategy is the same as in the No Debt treatment,



Table 2: Initial Survey on Time and Risk Preferences

Question Option A Option B

Initial Risk | 50% chance: 100 yen within 24 vs. Receive X yen within 24 hours
hours

Initial Time | Next Wednesday: 100 yen vs. Receive X yen within 24 hours

and participants can earn the same final payoff if they follow the same allocation
strategy in the three treatments.

Note that on one hand, participants in the Low Debt treatment can accrue
sufficient points during the experiment to completely repay both outstanding debt
balances within three rounds. In the High Debt treatment, on the other hand, full
repayment of debt is not possible. Thus, the comparison of participants’ behavior
in these two treatments allows us to investigate the impact of the repayability of

debt.

2.3 Initial survey, additional questions, and one-shot allocation

During the experiment, participants are asked additional questions designed to
elicit their risk preferences and time preferences. Immediately following the
fourth (final) allocation decision, participants engage in a separate brief experi-
ment consisting of a one-shot allocation. This brief experiment aims to test the
robustness of the results using a within-participant design. By answering these
questions and participating in the short experiment, participants have the opportu-
nity to earn additional points or money. While these additional inquiries and the
short experiment may influence the participants’ payments, they do not affect the
implications of the main experiment, as they do not alter their payoff-maximizing

behavior.



Initial Survey. To mitigate withdrawal rates and control for baseline risk and
time preferences, participants are required to complete an initial survey before
participating in the first allocation decision. This survey ensures participation by
verifying that participants regularly check their emails, which is necessary for ac-
cessing links to subsequent allocation decisions. The initial survey employs the
Becker-DeGroot-Marschak (Becker et al., 1964, BDM for short) mechanism, as
outlined by Healy (2020), to elicit initial risk and time preferences. Each survey
item presents a price list offering two options. To assess risk preferences, partici-
pants choose between a guaranteed monetary amount or a 50% chance of winning
100 Japanese Yen (JPY) within 24 hours. For time preferences, the choice is be-
tween receiving JPY today or 100 JPY next week (details provided in Table 2).
Each set of price lists consists of 85 variations of these scenarios, with the guar-
anteed amounts, X, ranging from 15 to 100 JPY in steps of a single JPY. It is im-
portant to highlight that in contrast to the initial survey conducted by MMS2024,
which comprised 100 questions (X € {1,2,..,99,100}), our survey has only 85
questions (X € {15,16,..,99,100}). This modification was necessary due to the
way we paid participants.’

When responding to these questions, participants are required to identify the
point on the list where their preference switches from one option to the other.
Based on the chosen switching point, responses to all subsequent questions are

inferred. One question from the list is then randomly selected and implemented.

Additional Questions. In addition to the initial survey, participants are required

to answer another series of questions on risk and time preferences after the ini-

3More specifically, participants are paid with Amazon Gift Cards (email type), and 15 yen was
the minimum amount that could be issued.
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Table 3: Additional Questions on Time and Risk Preferences

Question Option A Option B

Risk (Points vs. Points) | 50% chance: 500 points  vs. 100% chance: X points
Risk (Points vs. Money) | 50% chance: 500 points ~ vs. Receive X yen today
Time (Points vs. Points) | The next allocation: 500 vs. The current allocation:

points X points
Time (Points vs. Money) | The next allocation: 500 vs. Receive X yen today
points

Note: Except for “The next allocation: 500 points,” participants must allocate the points received
from the additional questions to their accounts on the same decision day.

tial allocation decisions on each decision day. These questions are designed not
only to elicit each participant’s risk and time preferences but also to test whether
bearing debt alters their allocation behavior. By responding to these questions,
participants have the opportunity to earn additional points or money. Using the
same BDM mechanism as in the initial survey, participants are asked four risk and
time preference questions—two for risk preferences and two for time preferences
(see details in Table 3). These questions are presented in random order within
the risk or time blocks. From these four lists, one question is randomly selected
and implemented. After completing these additional questions, participants can
once again allocate their earned points across their four available accounts. To
ensure that all participants have additional points to allocate, everyone receives

100 additional points regardless of the implemented question.

One-shot Allocation. Immediately after the final allocation decision, participants
face three one-shot scenarios to check the robustness of the week-long results.
Each one-shot scenario corresponds to one of the No Debt, Low Debt, or High
Debt accounts, but there are no locked accounts, and all decisions are made con-

secutively. The initial balances of each account in each scenario are shown in

11



Table 4: Initial Balances of One-Shot Allocation

(a) One-Shot No Debt account

Savings 1 Savings 2 Savings 3 Savings 4
Interest Rate 20% 10% 15% 5%
Balance 200 100 300 200

(b) One-Shot Low Debt account
Savings 1 Savings2 Debt1 Debt2
Interest Rate 20% 10% 15% 5%
Balance 1000 1200 -600 -800

(c) One-Shot High Debt account
Savings 1 Savings2 Debt1 Debt2
Interest Rate 20% 10% 15% 5%
Balance 2000 2400 -1700 | -1900

Table 4. The initial balances are the same (800 points), but their net returns dif-
fer. Additionally, the One-shot Low Debt scenario allows for full repayment in
at least one debt account, whereas the One-shot High Debt scenario does not al-
low for full repayment in any debt accounts. In all scenarios, participants must
allocate 1000 points among the four available accounts. Scenarios are presented
in a random order. After all the one-shot allocations are completed, one of the
scenarios is randomly selected for payment; participants are paid according to the
total balance and returns in the chosen scenario. As in the week-long experiment,
the payoff-maximizing behavior is to allocate all points to the account with the

highest interest rate (20%).
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Table 5: Completion Rate in the Present Study

2023 2025
Oct 11-18 Nov 15-22  May 14-22

p-value

No Debt (participated/completed) 0.86 (7/6) 0.93 (44/41)  0.98 (46/45) 0.418
Low Debt (participated/completed) 0.89 (9/8) 0.85 (40/34)  0.94 (48/45) 0.420
High Debt (participated/completed) 0.79 (14/11)  0.92 (37/34)  0.94 (49/46) 0.422

Recruited/Participated/Completed 31/30/25 125/121/109  151/143/136  307/294/270

Notes: This table shows the completion rate of each treatment in each session. It also shows, in
the bottom row, the number of recruited, participated, and completed participants; p-values are
computed using F-tests based on linear regression.

2.4 Experimental procedures

A total of 307 students from the University of Osaka were recruited through
ORSEE (Greiner, 2015) for this experiment over the three waves, of whom 270
completed the entire study. Table 5 summarizes the number of participants to-
gether with completion rate in each treatment and wave. Our experiment was
programmed in oTree (Chen et al., 2016) and conducted from October 11-18,
November 15-22, 2023, and May 14-22, 2025. Regrettably, our pre-registration
was done only before conducting the last wave because we had inadvertently for-
gotten to do so before the second wave (the first wave was intended as a small
pilot to test the functionality of the software and the procedure).

Furthermore, it turned out that the sample size in our 2023 waves (No Debt:
47, Low Debt: 42, High Debt: 45) was not sufficient to detect the some of the sig-
nificant treatment differences reported in MMS2024. Thus, we re-estimated the
required sample size by comparing data from our 2023 waves with MMS2024,
focusing on cases where MMS2024 found statistically significant effects, while
our 2023 study did not. Specifically, we examined the comparisons of initial allo-

cation between No Debt and High Debt (Figure 1: Savings 3 / Debt 1 allocation)
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Table 6: Summary of Experimental Procedure

Day 1 Day 2 Day 3 Day 4

Part O Initial survey - - -

Part 1 Allocation deci- Allocation deci- Allocation deci- Allocation deci-
sion sion sion sion

Part 2 Risk and time Risk and time Risk and time Risk and time
elicitation elicitation elicitation elicitation*

Part 3 Additional allo- Additional allo- Additional allo- Additional allo-
cation decision cation decision cation decision cation decision

Part4 - - - One-Shot

Part5 - - - End survey

*Only Risk Question #1

and comparison of the return-maximizing behavior in all the decisions between
No Debt and Low Debt (Figure 2). Based on this analysis, an additional 50 par-
ticipants were recruited for each treatment.

Participants were required to fill out an online survey for a week-long study.
To prevent dropouts, reminders were sent every 6 hours (at 12 am., 6 am., 12
p-m., and 6 p.m.) on the days of allocation decisions. Only participants who
completed the initial survey were assigned to one of the three treatments in the
main experiment.* As a result, each treatment comprised 87 to 92 participants (92
in No Debt, 87 in Low Debt, and 91 in High Debt).’

The daily schedule of the experiment is reported in Table 6. At the beginning
of each allocation day in the main experiment, participants were required to read
the instructions and complete a quiz to ensure they understood and remembered

the rules of the experiment. Since all treatments involved allocating points, the

“The eligibility criteria differ slightly from MMS2024, which recruited participants online and
screened for commitment via a follow-up email after the initial survey.

SThere was no statistically significant difference in completion rates across treatments (p =
0.408) based on F-tests using linear regression; see Table 5.
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instructions and the quiz were identical across all treatments. The quiz was based
on several examples, and participants could not proceed to the main decisions
unless they answered all the questions on the quiz correctly. After completing
all decisions on the final day, participants were required to fill out a series of
demographic and feedback questions identical to those used by MMS2024. On
average, participants took approximately 80 minutes to complete all parts of the
experiment across one week.

Each participant’s final payment includes a show-up fee of 500 JPY and a
bonus based on their performance and luck. All points earned during the experi-
ment are converted to JPY at a rate of 500 points to 100 JPY.® These points include
the total final balance and the returns generated in the main experiment, as well as
in the one-shot experiment. The median payments to participants were 3166 JPY
in No Debt, 3141 JPY in Low Debt, and 3126 JPY in High Debt.

Table 7 shows the descriptive statistics of our participants in three treatments.
Compared to MMS2024, our sample comprised undergraduate and graduate stu-
dents, who are generally younger. Additionally, the majority of our participants
identified as Asian in terms of ethnicity. Moreover, our sample included a few
participants with experience holding debt or student loans. Finally, our partici-
pants exhibited risk-neutral and small time-discounting behavior and completed
the experiment faster than those in MMS2024. The characteristics of sample are

balanced across the treatments.

100 JPY ~ 0.67 USD based on the exchange rate at the time of the experiment. MMS2024
used 500 points = 1 USD exchange rate, together with a 10 USD participation fee. In terms of
purchasing power parity, 1 USD is about 95 JPY; thus, participants in our experiment are rewarded
at a similar rate as those in MMS2024.
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Table 7: Sample Characteristics in Three Treatments

No Debt Low Debt High Debt

Mean Mean Mean P-Value

Age 22.8 22.7 22.3 0.45
Male 0.61 0.60 0.63 0.93
Asian 0.93 0.95 0.99 0.17
Undergraduate student 0.51 0.48 0.60 0.23
Hold student loan 0.13 0.10 0.18 0.37
Hold debt 0.13 0.13 0.16 0.72
Impact covid 2.61 2.48 2.42 0.57
Initial risk 0.52 0.5 0.49 0.58
Initial time 0.96 0.95 0.93 0.56
Duration (hours) 2.40 2.20 3.03 0.39
Median duration (hours) 1.31 1.33 1.34 0.37
Observations 92 87 91

Notes: This table shows the results from a balance test between our treatments.
We report the p-values of an F-test of equivalence of the three treatment means.
Additionally, we use the Kruskal-Wallis test for computing the p-value of Me-
dian duration (hours).

3 Results

We first compare the data between our 2023 and 2025 waves by assessing the het-
erogeneity across studies. We focus on the initial allocation across four allocatable
accounts in three treatments (Table 8), and the frequency of participants following
the return-maximizing strategy in all decisions (Table 9). Other comparisons are
reported in Appendix B.

Heterogeneity is summarized by 72, which represents the proportion of vari-
ance in effect sizes that can be attributed to differences between studies. 2 closer
to 100% indicate greater heterogeneity.

In Table 8, effect sizes are reported as Hedges’ g, which is a standardized mean
difference adjusted for small-sample bias. In contrast, in Table 9 they are reported

as log odds ratios, since the dependent variable is binary.
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Table 8: Differences Between 2023 and 2025: Initial Allocation Share

Comparison Experiment Effect [95% CI] Weight (%)

Savings 1 2023 waves 0.640 [0.217, 1.064] 49.49

No vs. Low 2025 wave 0.597[0.178, 1.016] 50.51
Pooled 0.619*** [0.321, 0.916] 1% = 0.00%
2023 waves 0.448 [0.037, 0.858] 51.00

No vs. High 2025 wave 0.861 [0.435, 1.287] 49.00
Pooled 0.650** [0.245, 1.055] 1?2 = 46.71%
2023 waves —0.183 [—0.601, 0.234] 49.78

Low vs. High 2025 wave 0.380 [—0.031, 0.791] 50.22
Pooled 0.100 [—0.453, 0.652] I% = 71.82%

Savings 2 2023 waves 0.144 [—0.269, 0.558] 49.80

No vs. Low 2025 wave —0.211 [—0.622, 0.200] 50.20
Pooled —0.034 [—0.382, 0.314] I? =29.93%
2023 waves 0.362 [—0.046, 0.771] 49.89

No vs. High 2025 wave 0.114 [—0.294, 0.521] 50.11
Pooled 0.238 [—0.051, 0.526] I? = 0.00%
2023 waves 0.189 [—0.229, 0.606] 48.99

Low vs. High 2025 wave 0.271 [—0.139, 0.680] 51.01
Pooled 0.231 [—0.062, 0.523] 1?2 = 0.00%

Savings 3/Debt 1 2023 waves —0.729 [—1.155, —0.303] 49.04

No vs. Low 2025 wave —0.573[—0.991, —0.155] 50.96
Pooled —0.650%** [—0.948, —0.351]  I2 = 0.00%
2023 waves —0.587[—1.001, —0.173] 51.57

No vs. High 2025 wave —0.887 [—1.315, —0.460] 48.43
Pooled —0.732%** [~1.030, —0.435] I? = 0.00%
2023 waves 0.181 [—0.237, 0.598] 4991

Low vs. High 2025 wave —0.499 [—0.913, —0.085] 50.09
Pooled —0.160 [—0.826, 0.506] 12 = 80.51%

Savings 4/Debt 2 2023 waves —0.153 [—0.566, 0.260] 49.82

No vs. Low 2025 wave —0.278 [—0.690, 0.134] 50.18
Pooled —0.216 [—0.507, 0.076] 1?2 = 0.00%
2023 waves —0.158 [—0.564, 0.248] 50.52

No vs. High 2025 wave —0.328 [—0.739, 0.082] 49.48
Pooled —0.242 [—0.531, 0.047] 12 = 0.00%
2023 waves —0.018 [—0.435, 0.399] 48.87

Low vs. High 2025 wave —0.022 [—0.429, 0.386] 51.13
Pooled —0.020 [—0.311, 0.271] I? = 0.00%

Note: Effect sizes are Hedges’s g,; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., No Debt in No Debt vs. Low Debt) allocated more than
the second treatment (e.g., Low Debt in No Debt vs. Low Debt). Weight = inverse-variance
contribution of each study to the pooled effect; larger weight indicates smaller standard error
and more precise estimate. 12 = heterogeneity Hetween 2023 and 2025 waves. * p < 0.05, **
p < 0.01, #** p < 0.001, testing whether the pooled effect size differs from zero.



The positive effect sizes in Table 8 indicate that allocation to the account un-
der consideration was higher in the first treatment (e.g., No Debt in No Debt vs.
Low Debt) than in the second treatment (e.g., Low Debt in No Debt vs. Low
Debt), whereas negative values indicate the opposite. When the direction of the
effect is consistent across two waves, the pooled effect size reflects that the same
directional difference for the treatment comparison in both waves. Results across
studies are combined through weighting the estimate of each study by the inverse
of its squared standard error. Consequently, studies with higher precision (i.e.,
smaller standard errors) contribute more strongly to the pooled effect.

Table 8 shows that 2023 and 2025 waves show consistent effects with low
heterogeneity (12 < 50%) in most of the comparisons, except for allocations to
Savings 1 and Savings 3 / Debt 1 between Low and High Debt treatments with
I? = 71.82% and 80.51%, respectively. In these two comparisons, the directions
of the treatment effect are reversed between two waves.

Table 9 indicates that 2023 and 2025 waves show consistent effects, in terms
of fraction of participants making return-maximizing choices in all the decision,
with low heterogeneity (/2 < 50%). Overall, across all analyses including those
reported in Appendix B, heterogeneity remains below 50% except for the two
cases discussed above. Therefore, in what follow, we pool the 2023 and 2025
waves to increase statistical power and compare it to MMS2024 in the main text
while delegating the analyses where we separate these two waves to the appen-

dices.
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Table 9: Differences Between 2023 and 2025: Percent of Participants Who Max-
imize Returns in All Decisions

Comparison  Study Effect [95% CI] Weight (%)

No vs. Low 2023 waves 0.570 [—0.304, 1.444] 51.52
2025 wave  0.815 [—0.086, 1.716] 48.48

Pooled 0.689* [0.061, 1.316] I? = 0.00%
No vs. High 2023 waves 0.724 [—0.133, 1.581] 52.06
2025 wave  1.041 [0.149, 1.934] 47.94

Pooled 0.876** [0.258, 1.494] I* = 0.00%

]
Low vs. High 2023 waves 0.154 [—0.692, 1.001] 48.86
2025 wave  0.227 [—0.601, 1.054] 51.14
Pooled 0.191 [—0.400, 0.783] I? = 0.00%

Note: Effect sizes are log odds ratios; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., No Debt in No Debt vs. Low Debt), a higher proportion
of participants engaged in return-maximizing behavior by allocating all points to Savings 1 in all
decisions, compared to the second treatment (e.g., Low Debt in No Debt vs. Low Debt). Weight
= inverse-variance contribution of each study to the pooled effect; larger weight indicates smaller
standard error and more precise estimate. I2 = heterogeneity between 2023 and 2025 waves. *
p < 0.05, ** p < 0.01, *** p < 0.001, testing whether the pooled effect size differs from zero.

3.1 [Initial allocation

Figure 1 shows the average share of initial allocation in each of the four allocatable
accounts in No Debt (leftmost), Low Debt (middle), and High Debt (rightmost)
treatment. Panel (a) shows the results of MMS2024 and Panel (b) shows the re-
sult of the present study. Averages, standard errors, and p-values for comparison
between allocations in each account observed in No Debt and others with debt
and p-values for comparison between the two studies are summarized in Table 10.
Figure 1 and Table 10 are created based on linear regressions, without individual

controls, reported in Table C1 in Appendix C.’

"The results of treatment comparisons are robust against the inclusion of individual controls
summarized in Appendix A; see Table C2 in Appendix C.
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Figure 1: The Average Initial Allocation Share in (a) MMS2024 and (b) the
Present Study

1.00 1

0.80 1

0.60

0.40 1

Initial allocation share

0.20 1

No Debt Low Debt High Debt

I Savings 1 (20%) Savings 2 (10%)
I Savings 3/ Debt 1 (15%) Savings 4 / Debt 2 (5%)

(a) MMS2024

1.00 1

0.80

0.60

0.40

Initial allocation share

0.20 1

No Debt Low Debt High Debt
I Savings 1 (20%) Savings 2 (10%)
I Savings 3/ Debt 1 (15%) Savings 4 / Debt 2 (5%)
(b) Present study

20



Table 10: Summary Statistics and p-Values for Various Comparisons Associated
with Figure 1.

MMS2024 Present study
p-value ™

Treatment Account Mean SE p-value™ n Mean SE p-value™ n
Savings 1 0.73  0.031 - - 8 093 0.018 - - 92 0.000
No Debt  Savings2 0.07 0.010 - - 86 0.02 0.006 - - 92 0.000
Savings3 0.13 0.016 - - 86 0.04 0.010 - - 92 0.000
Savings 4 0.08 0.016 - - 86 0.01 0.005 - - 92 0.000
Savings 1 0.47 0.035 0.000 - 8 0.75 0.040 0.000 - 87 0.000
Low Debt Savings2 0.13 0.017 0.003 - 86 0.03 0.013 0.567 - 87 0.000
Debt 1 0.32 0.034 0.000 - 86 0.19 0.036 0.000 - 87 0.011
Debt 2 0.09 0.012 0512 - 86 0.03 0.008 0.192 - 87 0.000

Savings1 049 0.044 0.000 0.662 86 0.71 0.044 0.000 0.500 91 0.001

High Debt Savings2 0.08 0.017 0.536 0.045 86 0.01 0.004 0.101 0.126 91 0.000
Debt 1 035 0.042 0.000 0498 86 0.25 0.041 0.000 0.276 91 0.081

Debt 2 0.08 0.016 0980 0493 86 0.03 0.009 0.150 0.885 91 0.010

Notes: + The first column shows the comparison with results in No Debt of the same account
type, while the second column shows the comparison with results in Low Debt for High Debt; ++
Comparing two studies; p-values are computed using F-tests based on linear regressions without
individual controls reported in Table C1 in Appendix C.

The main results of MMS2024 are also observed in our sample. Initial alloca-
tion to the account with the highest return (Savings 1) is significantly higher in the
No debt treatment (93%) than in the two treatments with debt (75% and 71% in the
Low Debt and High Debt treatments, respectively, with p < 0.001 for both). As in
MMS2024, these differences in the allocations to Savings 1 between No Debt and
the two treatments with debt can be explained by the significant difference in the
allocations to Savings 3 (5% in No Debt) and Debt 1 (19% and 25% in Low Debt
and High Debt, respectively, with p < 0.001 in both comparisons). These results
reinforce the main result of MMS2024 that the existence of debt leads participants
to allocate less to the account with the highest return (Savings 1).

It is also worth noting that a larger fraction of participants in the present study

makes return-maximizing initial choices. The allocation to Savings 1 is signif-
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Table 11: Random-Effect Meta-Analysis: Initial Allocation Share on Day 1

Comparison Study Effect [95% CI] Weight (%) Relative effect size

Savings 1 MMS2024 0.855 [0.544, 1.166] 48.42

No vs. Low Present study 0.604 [0.306, 0.903] 51.58 0.707
Pooled 0.726** [0.480, 0.971] I? = 23.04%
MMS2024 0.671 [0.365, 0.977] 48.44

No vs. High Present study 0.666 [0.370, 0.963] 51.56 0.993
Pooled 0.668*** [0.456, 0.881] 1% = 0.00%
MMS2024 —0.066 [—0.364, 0.231] 49.18

Low vs. High Present study 0.100 [—0.192, 0.393] 50.82 —1.514
Pooled 0.018 [—0.190, 0.227] I? = 0.00%

Savings 2 MMS2024 —0.457 [-0.758, —0.155] 49.47

No vs. Low Present study —0.087 [-0.379, 0.205] 50.53 0.190
Pooled —0.270 [—0.633, 0.093] I? = 66.54%
MMS2024 —0.094 [—0.392, 0.204] 49.45

No vs. High Present study 0.241 [—0.049, 0.531] 50.55 —2.563
Pooled 0.075 [—0.253, 0.404] I* = 60.01%
MMS2024 0.305 [0.005, 0.604] 49.04

Low vs. High Present study 0.233 [—0.061, 0.527] 50.96 0.765
Pooled 0.268* [0.059, 0.478] I? = 0.00%

Savings 3/Debt1 MMS2024 —0.758 [—1.066, —0.450] 48.53

No vs. Low Present study ~ —0.637 [—0.937, —0.338] 51.47 0.840
Pooled —0.696** [-0.911, —0.481]  I?> = 0.00%
MMS2024 —0.755 [—1.063, —0.447] 48.45

No vs. High Present study ~ —0.751 [—1.050, —0.453] 51.55 0.995
Pooled —0.753"* [-0.968, —0.539]  I? = 0.00%
MMS2024 —0.103 [—0.401, 0.195] 49.21

Low vs. High Present study ~ —0.162 [—0.455, 0.131] 50.79 1.577
Pooled —0.133 [-0.342, 0.076] I = 0.00%

Savings 4/ Debt 2 MMS2024 —0.100 [—0.397, 0.198] 49.12

No vs. Low Present study ~ —0.197 [—0.490, 0.095] 50.88 1.983
Pooled —0.149 [—0.358, 0.059] I? = 0.00%
MMS2024 0.004 [-0.294, 0.301] 48.67

No vs. High Present study —0.213 [-0.502, 0.077] 51.33 —55.525
Pooled —0.107 [<0.320, 0.105]  I? = 4.41%
MMS2024 0.104 [-0.194, 0.402] 49.13

Low vs. High Present study —0.022 [-0.314, 0.271] 50.87 —0.207
Pooled 0.040 [—0.168, 0.249] I = 0.00%

Note: Effect sizes are Hedges’s g; 95% CI. Effect sizes are reported that positive values indicate
that the first treatment (e.g., No Debt in No Debt vs. Low Debt) allocated more than the second
treatment (e.g., Low Debt in No Debt vs. Low Debt ). Weight = inverse-variance contribution of
each study to the pooled effect; larger weight indicates smaller standard error and more precise
estimate. I? = heterogeneity between MMS2024 and the present study. Relative effect size =
(present study effect size) / (MMS2024 effect size). The relative effect size < 1 indicate that the
effect size in the present study is smaller than MMS2024; The relative effect size > 1 indicate a
larger effect. * p < 0.05, ** p < 0.01, *** p < 0.001, testing whether the pooled effect size

differs from zero.
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icantly higher in all the treatments in the present study compared to MMS2024
(93% vs. 73%, 75% vs. 47%, and 71% vs. 49% in No Debt, Low Debt, and High
Debt treatments, respectively, with p < 0.001 in all treatments).

In addition, the results of the random-effects meta-analysis further quantifies
these patterns. Table 11 reports the effect sizes, 95% confidence intervals, weights,
12, and the relative effect sizes (RES, present study/MMS2024).8 For Savings 1,
the pooled effect size with 95% confidence interval for No Debt vs. Low Debt is
0.726 [0.480,0.971], p < 0.001,/? = 23.04%, and a relative effect size of 0.707,
indicating that the effect in the present study is smaller than in MMS2024. For No
Debt vs. High Debt, the pooled effect size is 0.668 [0.456, 0.881], p < 0.001,7%2 =
0.00% and a relative effect size of 0.993, suggesting that the effect magnitude is
almost identical across studies.

For Savings 3 / Debt 1, the pooled effect size for No Debt vs. Low Debt is
—0.696 [—0.911, —0.481], p < 0.001, I* = 0.00%, with a relative effect size of
0.840, indicating a smaller effect in the present study. For No Debt vs. High Debt,
the pooled effect is —0.753 [—0.968, —0.539], p < 0.001, I? = 0.00%, with RES
= 0.995, showing nearly identical effects between studies.

Overall, these meta-analytic results indicate that the direction of effects is con-
sistent with MMS2024, while the magnitude of the influence of debt on return-
maximizing behavior is slightly weaker in the present study for No Debt vs. Low

Debt, and essentially unchanged for No Debt vs. High Debit.

8See, Table C3 for the results of the random-effects meta-analysis in which 2023 and 2025
waves are separately considered.

23



Table 12: Summary Statistics and p-Values for Various Comparisons Associated
with Figure 2.

Treatment MMS2024 Present study pvalue™+
Mean SE p-value™ n Mean SE p-value™ n

No Debt 0.38 0.053 - - 86 0.73 0.047 - - 92 0.000

Low Debt 0.13 0.036 0.000 - 86 0.57 0.053 0.031 - 87 0.000

High Debt 0.26 0.047 0.072 0.033 86 0.53 0.053 0.005 0.529 91 0.000

Notes: + The first column shows the comparison with results in No Debt of the same account
type, while the second column shows the comparison with results in Low Debt for High Debt; ++
Comparing two studies. p-values are computed using F-tests based on linear regressions without
individual controls reported in Appendix D1. Furthermore, while Table 13 considers heterogeneity
between MMS2024 and the present study, Table D3 reports a random-effects meta-analysis in
which the present study is separated into the 2023 and 2025 waves, reported in Appendix C.

3.2 Return-maximizing behavior

Figure 2 displays the percentage of participants who maximize returns in all de-
cisions in the three treatments, No Debt (leftmost), Low Debt (middle), and High
Debt (rightmost). Panels (a) and (b) show the results of MMS2024 and the present
study, respectively. Averages, standard errors, and p-values for treatment compar-
isons and for comparison between the two studies are reported in Table 12. This
figure and the table are created based on the linear regressions reported in Ta-
ble D1 in Appendix D.

Here, we examine whether participants in the treatmetns with debt (Low Debt
and High Debt) show a lower proportion of return-maximizing behavior compared
to those in the No Debt treatment in the whole allocation. Additionally, whether
the proportion of return-maximizing behavior is higher when the debt is not re-
payable (High Debt) compared to when it is repayable (Low Debt).

On one hand, just as in MMS2024, we observe a significantly lower fraction of

participants maximizing returns in all decisions in the treatments with debts (57%
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Figure 2: Percent of Participants Who Maximize Returns in All Decisions in (a)
MMS2024 and (b) the Present Study
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in Low Debt and 53% in High Debt) compared to No Debt (73%). p = 0.031 and
p = 0.005 for No Debt vs. Low Debt and No Debt vs. High Debt, respectively.

The results of random-effect meta-analysis reported in Table 13 also show that
a higher fraction of participants in No Debt treatment followed return-maximizing
behavior compared to those in treatments with debt in both MMS2024 and the
present study. Namely, for the comparison between No Debt vs. Low Debt, the
pooled effect sizes [95% CI] and I? are 1.031 [0.289,1.774] and I? = 55.92%,
and, for the comparison between No Debt vs High Debt, they are 0.743 [0.295, 1.190]
and I? = 0.00%. Relative effect sizes are —0.761 for No Debt vs. Low Debt and
0.282 for No Debt vs. High Debt, suggesting that MMS2024 shows a larger dif-
ference between No Debt vs. Low Debt, whereas the present study shows a larger
difference between No Debt vs. High Debt.’

On the other hand, contrary to MMS2024, we do not observe a significant dif-
ference between the two treatments with debt (p = 0.529). The results of mixed-
effect meta-analysis reported in Table 13 show that, for Low Debt vs. High Debt,
while the effect size [95% CI] to be —0.852 [—1.649, —0.055] for MMS2024,
they are —0.191 [—0.783,0.401] for the present study. The pooled results are
—0.295 [—1.314,0.725], p > 0.05 with I? = 76.42% reflecting the high hetero-
geneity between two studies. We analyze the difference between two studies in
more detail in the next subsection.

As in the case of initial allocation, fractions of participants who allocate ex-
clusively to Savings 1 in all decisions are significantly higher in the present study

than MMS2024 (73% vs. 38% in No Debt, 57% vs. 13% in Low Debt, and 53 vs.

9See, Table D3, for the results of the mixed-effect meta-analysis where 2023 and 2025 waves
are considered separately.
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Table 13: Random-Effect Meta-Analysis: The Percentage of Return-Maximizing

in the Whole Experimen

Comparison  Study Effect [95% CI] Weight (%) Relative effect size
NovsLow  MMS2024 1.446 [0.678,2.213] 45.56
Present study 0.685 [0.059,1.311] 54.44 —0.761
Pooled 1.031** [0.289, 1.774] I? = 55.92%
No vs High MMS2024 0.594 [—0.057, 1.245] 47.32
Present study 0.876 [0.259, 1.493] 52.68 0.282
Pooled 0.743** [0.295,1.190] I? = 0.00%
Low vs High MMS2024 —0.852 [—1.649, —0.055] 46.59
Present study ~ —0.191 [—0.783,0.401] 53.41 1.043
Pooled —0.295 [—1.314,0.725]  I? = 76.42%

Note: Effect sizes are log odds ratios; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., No Debt in No Debt vs. Low Debt), a higher proportion
of participants engaged in return-maximizing behavior by allocating all points to Savings 1 in
all decisions, compared to the second treatment (e.g., Low Debt in No Debt vs. Low Debt).
Weight = inverse-variance contribution of each study to the pooled effect; larger weight indicates
smaller standard error and more precise estimate. I? = heterogeneity between MMS2024 and the
present study. Relative effect size on the log-odds scale is defined as RES = In ORpreent study —
In ORMms2024- When both effects in the same direction, RES > 0 indicates the effect of present
study is larger, RES < 0 indicates the effect of present study is smaller. * p < 0.05, ** p < 0.01,
**% p < 0.001, testing whether the pooled effect size differs from zero.

26% in High Debt; p < 0.001 for all treatments).

3.3 Prioritizing debt repayment and heterogeneous response

Table 14 shows the percentage of participants who have allocated, as a share of
the initial amount of saving/debt, 0%, between 0% and 100%, 100%, and more
than 100% to the accounts with 15% (Savings 3 / Debt 1) and 5% (Savings 4 /
Debt 2) interest rates in the three treatments in MMS2024 (left) and the present
study (right).!°

Here we focus on the fraction of participants who prioritized debt repayment:

namely, those who have allocated no less than 100% of initial amount of debt in

10Figures E1 and E2 in Appendix E show the distribution of the total points allocated, as a share
of the initial amount to these accounts in more detail.
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Table 14: Percentage of Participants Whose Allocated Amounts as a Share of
Initial Amount of Savings / Debt in Four Categories

MMS2024 Present study
X=0 0<X<l X=1 1<X|X=0 0<X<l1l X=1 1<X

No Debt
Savings 3 38% 35% 0% 27% 71% 23% 1% 5%
Savings 4 51% 45% 0% 3% 83% 17% 0% 0%
Low Debt

Debt 1 13% 34% 34% 20% 56% 17% 18% 9%

Debt 2 28% 51% 17% 3% 80% 17% 1% 1%
High Debt

Debt 1 27% 63% 10% 0% 51% 45% 2% 2%

Debt 2 57% 43% 0% 0% 78% 22% 0% 0%

Notes: X = total points allocated / initial amount of saving or debt (900 in case of No Debt and
Low Debt, 2900 in case of High Debt on Savings 3 / Debt 1, 1500 in case of No Debt and Low
Debt, and 3500 in case of High Debt on Savings 4 / Debt 2).

Low Debt and High Debt. One of the main results in MMS2024 is the hetero-
geneous responses among participants in the High Debt treatment; that is, when
the amount of debt is so high that chance of being able to completely repay it is
low. In the Low Debt treatment, 54% of participants repaid at least one debt ac-
count completely (and 20% of them even repaid two debt accounts), the fraction
of those who tried to do so is much smaller in High Debt (10% for one account
and 0% for two accounts). This resulted in a higher fraction of participants mak-
ing return-maximizing choices in High Debt that in Low Debt. Furthermore, the
fraction of those who did not allocate anything to Debt 1 and Debt 2 accounts are
significantly lower in Low Debt (13% and 28%, respectively) than in High Debt
(27% and 57%, p = 0.021 and p < 0.001, respectively).

In the present study, in contrast to MMS2024, we have already seen that the

fraction of return-maximizing participants is not significantly different between
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Low Debt and High Debt treatments. It is indeed the case that the fraction of
participants who completely repaid Debt 1 in Low Debt (27%) is significantly
higher than in High Debt (4%, p < 0.001). However, for Debt 2, there is no
significant difference between the two treatments (2% and 0%, p = 0.155). Fur-
thermore, the fractions of those who have allocated nothing to Debt 1 (56% in
Low Debt and 51% in High Debt) and to Debt 2 (80% in Low Debt and 78% in
High Debt) are not significantly different between the two treatments (p = 0.442
and p = 0.690, respectively). Although the magnitude of repayment behavior dif-
fers from MMS2024, the tendency to fully repay debt in the Low Debt treatment
and to make some repayments in the High Debt treatment remains observable.

This suggests that many participants attempted to repay at least part of the debt.

3.4 One-shot scenarios

We analyze the data from the three one-shot scenarios encountered by participants
after the final allocation decision. This analysis aims to answer two questions: 1)
whether the findings from the one-shot scenarios reported by MMS2024 is robust,
and 2) whether the data are consistent with the results of our main experiment.

Figure 3 displays the percentage of participants who maximize returns in each
one-shot scenario. Panel (a) shows the results of MMS2024, and Panel (b) shows
those of the present study. Table 15 provides the summary statistics and p-values
for various treatment comparisons. The figure and table are generated based on
the linear regressions reported in Table F1 in Appendix F.

Let us first summarize the results of MMS2024. There is a significant dif-

ference between one-shot No Debt and one-shot Low Debt, irrespective of the
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Figure 3: Percentage of Participants Who Maximize Returns in One-Shot Scenar-
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Table 15: Summary Statistics and p-Values for Various Comparisons on One-Shot
Treatments.

MMS2024 Present study ++
p-value
Treatment One-Shot Mean SE p-value™ n Mean SE p-value™ n
No Debt 0.59 0.053 - - 8 090 0.031 - - 92 0.000
No Debt Low Debt 0.44 0.054 0.046 - 86 0.74 0.046 0.004 - 92 0.000
High Debt 0.40 0.053 0.009 0.538 86 0.76 0.044 0.010 0.735 92 0.000
No Debt 0.59 0.053 - - 86 098 0.016 - - 87 0.000
Low Debt Low Debt 0.42 0.054 0.021 86 0.86 0.034 0.016 87 0.000

High Debt 0.38 0.053 0.005 0.643 86 090 0.031 0.050 0.620 87 0.000

No Debt 0.66 0.051 - - 8 0.89 0.033 - - 91 0.000
High Debt Low Debt 0.52 0.054 0.062 - 86 0.75 0.046 0.012 - 91 0.002
High Debt 0.49 0.054 0.020 0.649 86 0.80 0.042 0.100 0.377 91 0.000

Notes: + The first column shows the comparison with results in one-shot No Debt of the same
one-shot account type, while the second column shows the comparison with results in one-shot
Low Debt for one-shot High Debt; ++ Comparing two studies. p-values are computed using
F-tests based on linear regressions reported in Table F1 in Appendix F.

treatment experienced by participants in the main experiment. Specifically, the
fractions of participants who maximized returns in one-shot No Debt and one-
shot Low Debt treatments are 59% vs 44% (p = 0.046) in No Debt, 59% vs 42%
(p = 0.021) in Low Debt, and 66% vs 52% (p = 0.062) in High Debt.!" How-
ever, no statistically significant difference was observed between one-shot Low
Debt and one-shot High Debt (p = 0.538 in No Debt, p = 0.643 in Low Debt,
p = 0.649 in High Debt), regardless of the treatment experienced by participants

in the main experiment.'?

While the former results align with the findings of the
main experiment, suggesting that participants with debt are less likely to allocate

points to accounts that would maximize their financial benefits, the latter observa-

y)-values are based on F-test comparisons of the estimated coefficients of the treatment dum-
mies in the linear regression; see the notes to Panel (c) of Figure 3.

"’In addition, the fraction of participants who maximized the return in each of the one-shot
treatments is not significantly different across the three main treatments these participants experi-
enced (p = 0.548 in one-shot No Debt, p = 0.355 in one-shot Low Debt,p = 0.320 in one-shot
High Debt. p-values are based on F-test comparison of the estimated coefficients of the treatment
dummies in the linear regression.
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tions are inconsistent with the results of the main experiment and do not show the
heterogeneous effects.

Both results of MMS2024 are also observed in our sample. On one hand, the
fraction of participants who maximize returns in the one-shot No Debt treatment is
12 to 16 percentage points higher than the one-shot Low Debt and one-shot High
Debt treatment. On the other hand, there is no significant difference between
one-shot Low Debt and one-shot High Debt, regardless of the main treatment par-
ticipants experienced.'® As in the main experiment, a significantly higher fraction
of participants in our study made return-maximizing choices in one-shot scenarios
than those in MMS2024.

These descriptive patterns are further supported by a random-effects meta-
analysis reported in Table F4.'* Regardless of the main treatment participants have
experienced, pooled effects are positive and significant for one-shot No Debt vs.
one-shot Low Debt and one-shot No Debt vs. one-shot High Debt indicating that
participants without debt are more likely to make return-maximizing allocations
than those with debt. Comparisons between one-shot Low Debt vs. one-shot High
Debt show negligible pooled effects reflecting minimal differences in behavior

across these debt conditions.

13To compensate for the limited statistical power in both MMS2024 and the present study, we
combined the two treatments with debt into a single Debt treatment and analyzed the one-shot
result (see Figure F1 in Appendix F). All comparisons between one-shot No Debt and one-shot
Low Debt, as well as one-shot No Debt and one-shot High Debt, showed significant differences at
the 5% level (see Table F2 in Appendix F for details).

14See, Table F5 for the results in which 2023 and 2025 waves are sepataly considered.
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3.5 Estimation of debt aversion

We also estimate how much agents outweigh debt using the MMS2024 model.
According to the MMS2024 estimation, about 59% of participants did not over-
weight debt, while 41% of the subjects did so by at least 4% or 14%. Moreover,
on average, participants in the Low Debt treatment trade off $1 of debt for $1.035
in savings.

Our estimation results are smaller in magnitude than MMS2024. In the present
study, about 79% of participants did not overweight debt, and only about 21% of
participants did so by at least 4% or 14%. On average, in the Low Debt treatment,
participants trade off $1 of debt for $1.012 in savings. See Appendix G for detailed

results.

4 Conclusions and discussion

In this paper, we conducted an online experiment using participants from a selec-
tive university in Japan to check the robustness of the findings of MMS2024, who
provide evidence of the existence of debt aversion and its negative implications
for financial decisions based on MTurk sample.

The participants recruited for our study are students at a highly selective uni-
versity in Japan, who generally possess high academic aptitude scores, suggest-
ing a potentially higher average cognitive ability compared to the participants re-
cruited via MTurk by MMS2024. Although across both the main treatments and
the one-shot scenarios, our data reveal a higher allocation share to the account
with the highest interest rate and a higher proportion of participants maximizing

returns in all treatments compared to those in MMS2024, it is important to note
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that main effects of debt reported in MMS2024, apart from the heterogeneous re-
sponse in the High Debt treatment, are also observed in our study. This shows the
robustness of debt-biased behavior, despite of varying magnitude, across sample
populations.

In MMS2024, these debt-biased behaviors are attributed to factors including
loss aversion (see, e.g., Tversky and Kahneman, 1991), narrow framing (see, e.g.,
Barberis et al., 2006), and mental accounting (see, e.g., Thaler, 1999). They hy-
pothesize that participants exhibiting debt-biased behavior do not aggregate bal-
ances across accounts and tend to perceive negative interest as a loss, prioritizing
its elimination. Additionally, Meissner and Albrecht (2022), who investigate debt-
biased behavior using a different framework, report a weak negative correlation
between cognitive ability and debt-biased behavior. By contrast, Ahrens et al.
(2022) reports a weak positive correlation between them. Given the robustness of
debt-biased behavior, it would be a very fruitful future study to better understand

its underlying mechanism.
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A Description of control variables

Variable

Description

Error instruction

Above median age

Male

Asian

White

College education

Undergraduate student
Student loan

Holding debt

Covid little impact
Covid moderate

Covid a lot

Covid great

The number of errors of all the comprehension-
questions in a whole experiment.

Whether the participant’s age is above or equal
to the median age [22 in the present study, 36 in
MMS]. (Above or same median = 1, Below median
=0)

Gender (Male = 1, Female = 0)

Ethnicity (Asian = 1, Other ethnicity = 0)

Ethnicity (White = 1, Other ethnicity = 0)
Education level (College degree or higher = 1, Less
than a college education =0 )

(Graduated high school but not yet graduated col-
lege or university = 1, Graduated college or univer-
sity or higher = 0)

Holding student loan (Yes = 1, No = 0)

Holding a debt (Yes = 1, No =0)

Little impact from Covid-19 (Yes = 1, Not impacted
by Covid-19 = 0)

Moderate impact from Covid-19 (Yes = 1, Not im-
pacted by Covid-19 = 0)

Significant impact from Covid-19 (Yes = 1, Not im-
pacted by Covid-19 = 0)

Severe impact from Covid-19 (Yes = 1, Not im-
pacted by Covid-19 = 0)

38



B Heterogeneity: 2023/2025 waves
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Table B1: Differences Between 2023 and 2025: Percentage of Participants Who
Maximize Returns in One-Shot Scenarios

One-Shot Comparison Study Effect [95% CI] Weight (%)
No Debt treatment
No vs. Low 2023 waves  2.752 [0.668, 4.836] 50.29
2025 wave 2.609 [0.513, 4.706] 49.71
Pooled 2.681 [1.203, 4.159] 1% = 0%
No vs. High 2023 waves  2.643 [0.554, 4.732] 50.35
2025 wave 2.485 [0.381, 4.589] 49.65
Pooled 2.565"* [1.082, 4.047] I’ = 0%
Low vs. High 2023 waves 2.456 [0.362, 4.550] 50.36
2025 wave  2.274 [0.164, 4.383] 49.64
Pooled 2.365" [0.879, 3.851]  I% = 0%
Low Debt treatment
No vs. Low 2023 waves  2.104 [—0.039, 4.247] 53.57
2025 wave 1.145 [—1.157, 3.447] 46.43
Pooled 1.659* [0.090, 3.228] I’ = 0%
No vs. High 2023 waves  1.712 [—0.480, 3.905] 52.44
2025 wave  1.145 [—1.157, 3.447] 47.56
Pooled 1.442 [—0.145, 3.030] I’ = 0%
Low vs. High 2023 waves —0.392 [—1.629, 0.845] 64.19
2025 wave 0.000 [—1.656, 1.656] 35.81
Pooled —0.252 [~1.243, 0.740]  I% = 0%
High Debt treatment
No vs. Low 2023 waves  0.791 [—0.241, 1.823] 63.59
2025 wave 1.382 [0.018, 2.746] 36.41
Pooled 1.006* [0.183, 1.829] I’ = 0%
No vs. High 2023 waves  0.439 [—0.631, 1.508] 63.04
2025 wave 1.104 [-0.292, 2.501] 36.96
Pooled 0.685 [—0.164, 1.534] I’ = 0%
Low vs. High 2023 waves —0.352 [—1.306, 0.602] 54.10
2025 wave  —0.277 [~1.313, 0.758]  45.90
Pooled —0.318 [~1.019, 0.384]  I% = 0%

Note: Effect sizes are log odds ratios; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., one-shot No Debt in one-shot No Debt vs. one-shot Low
Debt), a higher proportion of participants engaged in return-maximizing behavior by allocating all
points to Savings 1, compared to the second treatment (e.g., one-shot Low Debt in one-shot No
Debt vs. one-shot Low Debt). Weight = inverse-variance contribution of each study to the pooled
effect; larger weight indicates smaller standard error and more precise estimate. I? = heterogeneity
between 2023 and 2025 waves. * p < 0.05, ** p < 0.01, *** p < 0.001, testing whether the
pooled effect size differs from zero.
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C Initial allocation share

C.1 Regression results

Table C1: Comparison between MMS2024 and the Present Study

Savings 1 Savings 2 Savings 3/ Savings 4/

Debt 1 Debt 2
(a) MMS2024
No Debt 0.73*** 0.07*** 0.13*** 0.08***
(0.031) (0.010) (0.016) (0.016)
Low Debt 0.47*** 0.13*** 0.32%** 0.09***
(0.035) (0.017) (0.034) (0.012)
High Debt 0.49*** 0.08*** 0.35%** 0.08***
(0.044) (0.017) (0.042) (0.016)
(b) Present study
No Debt 0.93*** 0.02** 0.04*** 0.01**
(0.018) (0.006) (0.010) (0.005)
Low Debt 0.75%** 0.03* 0.19*** 0.03**
(0.040) (0.013) (0.036) (0.008)
High Debt 0.71%* 0.01* 0.25*** 0.03**
(0.044) (0.004) (0.041) (0.009)
Observations 528 528 528 528

Note: Results from linear regressions with robust standard errors in parentheses. The dependent
variable is the share of the initial endowment of 500 points that subjects allocate to each account.
*p < 0.05; **p < 0.01; ***p < 0.001.
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Table C2: Initial Allocation Share on Day 1

Savings 1 Savings 2 Savings 3/ Savings 4 /
Debt 1 Debt 2

Low Debt —0.18%** 0.01 0.15%** 0.01
(0.044) (0.016) (0.038) (0.009)

High Debt —0.22%** —0.01 0.22%** 0.01
(0.049) (0.008) (0.044) (0.010)

Error Instruction 0.00 0.00 —0.00 —0.00
(0.004) (0.001) (0.004) (0.001)

Above Median Age 0.07 —0.02 —0.03 —0.01
(0.051) (0.014) (0.045) (0.013)

Male 0.13** —0.03 —0.08* —0.02*
(0.045) (0.015) (0.040) (0.009)

Asian 0.04 —0.02 —0.02 0.00
(0.101) (0.027) (0.093) (0.011)

Undergraduate Student 0.08 —0.00 —0.06 —0.01
(0.048) (0.009) (0.042) (0.013)

Student Loan —0.11 0.06 0.06 —0.00
(0.086) (0.056) (0.078) (0.012)

Holding Debt 0.07 —0.06 —0.01 —0.01
(0.077) (0.041) (0.072) (0.010)

Covid Little Impact —0.21 —0.017 0.23* 0.00
(0.147) (0.017) (0.112) (0.029)

Covid Moderate —0.11 —0.03* 0.15 —0.02
(0.138) (0.015) (0.101) (0.027)

Covid A lot —0.14 —0.02 0.14 0.02
(0.140) (0.018) (0.102) (0.030)

Covid Great —0.12 —0.01 0.15 —0.01
(0.143) (0.020) (0.107) (0.028)

Constant 0.86*** 0.09* 0.01 0.05
(0.173) (0.036) (0.136) (0.032)

Observations 270 270 270 270

Note: Results from linear regressions with robust standard errors in parentheses.
*p < 0.05; **p < 0.01; ***p < 0.001.

C.2 Random-effects meta-analysis
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Table C3: Initial Allocation Share on Day 1: Separate 2023/2025

Comparison Study Effect [95% CI] Weight (%) Relative effect size

Savings 1 MMS2024 0.855 [0.544, 1.166] 47.82

No vs. Low 2023 waves 0.640 [0.217, 1.064] 25.83 0.749
2025 wave 0.597[0.178, 1.016] 26.36 0.699
Pooled 0.732%** [0.517, 0.947] 12 = 0.00%
MMS2024 0.671 [0.365, 0.977] 48.30

No vs. High 2023 waves 0.448 [0.037, 0.858] 26.82 0.667
2025 wave 0.861 [0.435, 1.287] 24.88 1.283
Pooled 0.658*** [0.446, 0.871] 12 = 0.00%
MMS2024 —0.066 [—0.364, 0.231] 40.20

Low vs. High 2023 waves —0.183 [—0.601, 0.234] 29.65 2.763
2025 wave 0.380 [—0.031, 0.791] 30.15 —5.727
Pooled 0.034 [—0.278, 0.345] 1% =52.41%

Savings 2 MMS2024 —0.457 [—0.758, —0.155] 38.44

No vs. Low 2023 waves 0.144 [—0.269, 0.558] 30.71 —0.316
2025 wave —0.211 [—0.622, 0.200] 30.85 0.461
Pooled —0.196 [—0.545, 0.153] 12 = 61.95%
MMS2024 —0.094 [—0.392, 0.204] 42.06

No vs. High 2023 waves 0.362 [—0.046, 0.771] 28.93 —3.851
2025 wave 0.114 [—0.294, 0.521] 29.01 —1.209
Pooled 0.098 [—0.171, 0.368] I? = 38.24%
MMS2024 0.305 [0.005, 0.604] 48.83

Low vs. High 2023 waves 0.189 [—0.229, 0.606] 25.07 0.619
2025 wave 0.271[—0.139, 0.680] 26.10 0.888
Pooled 0.267* [0.058, 0.476] 12 = 0.00%

Savings 3/ Debt 1 MMS2024 —0.758 [—1.066, —0.450] 48.41

No vs. Low 2023 waves —0.729 [—1.155, —0.303] 25.30 0.962
2025 wave —0.573 [—0.991, —0.155] 26.29 0.756
Pooled —0.702*** [—0.917, —0.488]  I% = 0.00%
MMS2024 —0.755[—1.063, —0.447] 48.24

No vs. High 2023 waves —0.587 [—1.001, —0.173] 26.70 0.777
2025 wave —0.887 [—1.315, —0.460] 25.07 1.175
Pooled —0.743%** [—-0.957, —0.529] I%2 = 0.00%
MMS2024 —0.103 [—0.401, 0.195] 38.52

Low vs. High 2023 waves 0.181 [—0.237, 0.598] 30.62 —1.755
2025 wave —0.499 [—0.913, —0.085] 30.86 4.848
Pooled —0.138 [—0.496, 0.220] I? = 63.66%

Savings 4 / Debt 2 MMS2024 —0.100 [—0.397, 0.198] 48.96

No vs. Low 2023 waves —0.153 [—0.566, 0.260] 25.43 1.535
2025 wave —0.278 [—0.690, 0.134] 25.61 2.793
Pooled —0.159 [—0.367, 0.050] I%2 = 0.00%
MMS2024 0.004 [—0.294, 0.301] 48.47

No vs. High 2023 waves —0.158 [—0.564, 0.248] 26.04 —41.142
2025 wave —0.328 [—0.739, 0.082] 25.50 —85.655
Pooled —0.123 [—0.330, 0.084] I%2 = 0.00%
MMS2024 0.104 [—0.194, 0.402] 48.91

Low vs. High 2023 waves —0.018 [—0.435, 0.399] 24.97 —0.174
2025 wave —0.022 [—0.429, 0.386] 26.12 —0.209
Pooled 0.041 [—0.167, 0.249] 1?2 = 0.00%

Note: Effect sizes are Hedges’s g; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., No Debt in No Debt vs. Low Debt) allocated more than
the second treatment (e.g., Low Debt in No Debt vs. Low Debt). Weight = inverse-variance
contribution of each study to the pooled effect; 48 ger weight indicates smaller standard error and
more precise estimate. I? = heterogeneity between MMS2024 and 2023/2025 waves. Relative
effect size = (2023/2025 wave effect size) / (MMS2024 effect size). The effect size < 1 indicate
that the effect size in the present study is smaller than MMS2024; the effect size > 1 indicate
a larger effect; negative values indicate the effect is in the opposite direction. * p < 0.05, **
p < 0.01, #** p < 0.001, testing whether the pooled effect size differs from zero.



D Return-maximizing choice across all the decisions

D.1 Regression results

Table D1: The Percentage of Return-Maximizing in the Whole Experiment

(1) (2) (3)
(a) MMS2024
No Debt 0.38***  —0.30* —0.10*
(0.053) (0.137) (0.044)
Low Debt  0.13** —1.14** —0.37***
(0.036) (0.172) (0.048)
High Debt  0.26"* —0.67"* —0.22"**
(0.047) (0.146) (0.044)
(b) Present study

No Debt 073 0.61" 0.21%*
(0.047) (0.140)  (0.045)

Low Debt 0.57*** 0.19 0.06
(0.053) (0.135) (0.046)

High Debt  0.53*** 0.07 0.02
(0.053) (0.132) (0.045)

Observations 528 528 528

Note: (1) shows the linear regression results; (2) presents the probit regression results; (3) indicates
the marginal effects. All parentheses are robust standard errors.
*p < 0.05;** p < 0.01;*** p < 0.001.
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Table D2: The Percentage of Return-Maximizing in the Whole Experiment with
Individual Attribution

MMS2024 Present study
) (2) 3) “4) ®) (6)

Low Debt -0.25 -1.02 —-0.25"* —0.15 —-0.46 —0.16

(0.062) (0.254) (0.055) (0.070) (0.203) (0.068)
High Debt —-0.13 —-0.53 -0.13 -0.22 -0.62 —-0.21**

(0.066) (0.228)  (0.053) (0.070) (0.204) (0.066)
Error Instruction -0.02 -0.13 —-0.03*** —0.00 —0.01 —0.00

(0.002) (0.024) (0.005) (0.007) (0.020) (0.007)
Above Median Age —-0.03 —-0.18 —0.04 0.00 0.01 0.00

(0.055) (0.212) (0.051) (0.071) (0.200) (0.067)
Male 0.07 0.26 0.06 0.27 0.73 0.25**

(0.052) (0.198) (0.047) (0.061) (0.169) (0.052)
White 0.13 0.62 0.15

(0.061) (0.258) (0.059)
Asian 0.12 0.34 0.12

(0.160) (0.419) (0.144)

College Education 0.11 0.47 0.11

(0.058) (0.223)  (0.052)
Undergraduate Student —-0.01 —-0.01 —0.01

(0.067) (0.191) (0.066)

Student Loan 0.03 0.04 0.01 0.04 0.15 0.05

(0.056) (0.214) (0.051) (0.095) (0.300) (0.102)
Holding Debt —-0.07 -0.19 —0.05 -0.02 —-0.09 —-0.03

(0.057) (0.209)  (0.409) (0.100) (0.300) (0.102)
Covid Little Impact 0.11 0.37 0.08 -0.22 -0.60 —-0.19

(0.106) (0.488) (0.097) (0.235) (0.724) (0.193)
Covid Moderate 0.14 0.51 0.11 —-0.16 —0.45 —-0.13

(0.108) (0.485) (0.097) (0.228) (0.708) (0.184)
Covid A lot 0.06 0.23 0.05 -0.25 —-0.72 —-0.23

(0.115) (0.526) (0.106)  (0.228) (0.708) (0.186)
Covid Great 0.12 0.52 0.12 -0.31 —-0.87 —0.28

(0.136) (0.616)  (0.136)  (0.239) (0.730) (0.196)
Constant 0.22 —0.75 0.68 0.53

(0.132) (0.564) (0.283) (0.830)
Observations 258 258 258 270 270 270

Note: Columns (1) and (4) show linear regression results; (2) and (5) present probit regression
results; (3) and (6) report marginal effects. All parentheses are robust standard errors. *p <
0.05; **p < 0.01; ***p < 0.001.
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D.2 Random-effects meta-analysis

Table D3: The Percentage of Return-Maximizing in the Whole Experiment: Sep-
arate 2023/2025

Comparison  Study Effect [95% CI] Weight (%) Relative effect size

Novs. Low  MMS2024 1.446 [0.678,2.213] 38.59
2023 waves  0.570 [—0.304, 1.444] 31.46 —0.876
2025 wave 0.815 [—0.086, 1.716] 29.95 —0.631
Pooled 0.981*** [0.435,1.527]  I? = 20.35%

Novs. High  MMS2024 0.594 [—0.057, 1.245] 47.42
2023 waves  0.724 [—0.133,1.581] 27.37 0.130
2025 wave 1.041 [0.149, 1.934] 25.20 0.447
Pooled —0.742** [0.294,1.191]  I? = 0.00%

Low vs. High MMS2024 —0.852 [—1.649, —0.055] 34.36
2023 wave 0.154 [—0.692, 1.001] 32.46 1.006
2025 wave 0.227 [—0.601, 1.054] 33.18 1.078
Pooled —0.167 [—0.860,0.525]  I1? = 52.92%

Note: Effect sizes are log odds ratios; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., No Debt in No Debt vs. Low Debt), a higher proportion
of participants engaged in return-maximizing behavior by allocating all points to Savings 1 in
all decisions, compared to the second treatment (e.g., Low Debt in No Debt vs. Low Debt).
Weight = inverse-variance contribution of each study to the pooled effect; larger weight indicates
smaller standard error and more precise estimate. I? = heterogeneity between MMS2024 and
2023/2025 waves.Relative effect size on the log-odds scale is defined as RES = In ORpregent study —
In ORMms2024- When both effects in the same direction, RES > 0 indicates the effect of present
study is larger, RES < 0 indicates the effect of present study is smaller. * p < 0.05, ** p < 0.01,
*#% p < 0.001, testing whether the pooled effect size differs from zero.
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E The distribution of the total points allocated to

debt accounts

E.1 Figure, regression results

Figure E1 shows the distribution of the total points allocated to the account with
15% interest rates (Savings 3 / Debt 1). Panels (a) and (b) show the outcome of
MMS2024 and the present study, respectively. Figure E2 does the same for the
accounts with 5% (Savings 4 / Debt 2). Panel (a) shows the result of MMS2024
and panel (b) shows the result of the present study. Averages, standard errors,
and p-values for comparison between allocations in each account observed in No
Debt and others with debt and p-values for comparison between the two studies,

are summarized in Table E1.

47



Figure E1: The Distribution of the Total Points Allocated to Accounts with 15%

interest rates as a Share of the Initial Amount Debt in the Three Treatments (a)
MMS2024 (b) The Present Study.
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Figure E2: The Distribution of the Total Points Allocated to Accounts with 5%

Interest Rates as a Share of the Initial Amount of Debt in the Three Treatments in
(a) MMS2024 and (b) the Present Study.
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F One-shot scenarios

F.1 Regression result

Table F1: The Percentage of Return-Maximizing Choices in One-Shot Scenarios

Treatments One-Shot 1) ?2) A3)
(a) MMS2024

No Debt 0.59*** 0.24 0.08
(0.053) (0.137) (0.046)
No Debt Low Debt 0.44*** —0.15 —0.05
(0.054) (0.136) (0.046)
High Debt 0.40*** —0.27 —0.09
(0.053) (0.137) (0.047)

No Debt 0.59*** 0.24 0.08
(0.053) (0.137) (0.046)
Low Debt Low Debt 0.42%** —0.21 —0.07
(0.054) (0.136) (0.046)
High Debt 0.38***  —0.30* —0.10*
(0.053) (0.137) (0.047)
No Debt 0.66*** 0.42** 0.14**
(0.051) (0.140) (0.047)

High Debt Low Debt 0.52%** 0.06 0.02
0.054)  (0.135)  (0.046)
High Debt 0.49*** —0.03 —0.01
(0.054) (0.135) (0.046)

(b) Present study

No Debt 0.90***  1.30***  0.40***
(0.031) (0.179) (0.0520)
No Debt Low Debt 0.74***  0.65***  0.20***
(0.046) (0.140) (0.042)
High Debt 0.76***  0.72***  (0.22***
(0.044) (0.143) (0.042)
No Debt 0.98***  2.00***  0.61***
(0.016) (0.295) (0.087)
Low Debt Low Debt 0.89***  1.20***  0.36***
(0.034) (0.176) (0.051)
High Debt 0.91*%**  1.33***  0.40***
(0.031) (0.188) (0.055)
No Debt 0.89***  1.23***  (0.37***
(0.033) (0.175) (0.051)
High Debt Low Debt 0.75%** 0.67** 0.20**
(0.046) (0.143) (0.042)
High Debt 0.80***  0.85***  0.26***
(0.042) (0.150) (0.044)
Observations 1,587 1,587 1,587

Note: (1) shows the linear regression results; (2) presents the probit regression results; (3) indicates the marginal effects.
All parentheses are robust standard errors; *p < 0.05; **p < 0.01; ***p < 0.001.
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F.2 Figure,regression results: No Debt vs. Debt treatment

Figure F1: Percentage of Participants Who Maximize Returns in One-Shot Sce-
narios (No Debt vs. Debt treatments)

1.00 1

0.80
B2
8 0.63
Q
S
S
c
[0}
(]
[
o

No Debt Debt
I One-Shot No Debt I One-Shot Low Debt
I One-Shot High Debt
(a) MMS2024

1.00+
b2]
[$]
2
Qo
@
°
c
[0}
[$]
[
o

No Debt Debt

I One-Shot No Debt I One-Shot Low Debt
I One-Shot High Debt

(b) Present study

53



Table F2: Summary Statistics and p-Values for Various Comparisons on One-Shot
Treatments (No Debt vs. Debt Treatments)

MMS2024 Present study
p-value ™
Treatment Account Mean SE p-value™ n Mean SE p-value™ n
No Debt 0.59 0.053 - - 86 090 0.031 - - 92 0.000
No Debt  LowDebt 0.44 0.054 0.046 - 86 0.74 0.046 0.004 - 92 0.000

High Debt 0.40 0.053 0.009 0.538 86 0.76 0.044 0.010 0.735 92 0.000

No Debt 0.63 0.037 - - 172 0.93 0.019 - - 178 0.000
Debt Low Debt  0.47 0.038 0.003 - 172 0.81 0.029 0.001 - 178 0.000
High Debt 0.44 0.038 0.000 0.517 172 0.85 0.027 0.016 0.320 178 0.000

Notes: + The first column shows the comparison with results in one-shot No Debt of the same
one-shot account type, while the second column shows the comparison with results in one-shot
Low Debt for one-shot High Debt;+-+ Comparing two studies; p-values are computed using F-

tests based on linear regressions reported in Table F3.

54



Table F3: The Percentage of Return-Maximizing in One-Shot Scenarios (No Debt
vs. Debt Treatments)

Treatment  One-Shot §)) 2) 3)
(a) MMS2024

No Debt 0.59**  0.24 0.07
(0.053) (0.137) (0.042)
No Debt Low Debt 0.44** —0.15 —0.04
(0.054) (0.136) (0.042)
High Debt  0.40"* —0.27 —0.08
(0.053) (0.137) (0.042)

No Debt 0.63*** 0.33** 0.10**
(0.037) (0.097) (0.030)
Debt Low Debt 047 —0.07 —0.02
(0.038) (0.096) (0.029)
High Debt  0.44** —0.16 —0.05
(0.038) (0.096) (0.029)

(b) Present study

No Debt 0.90** 1.30** 0.40***
(0.031) (0.179) (0.053)
No Debt Low Debt 0.74=* 0.65"* 0.20***
(0.046) (0.140) (0.042)
High Debt  0.76*** 0.72*** (.22
(0.044) (0.143) (0.043)
No Debt 0.93** 1.50"* 0.46***
(0.019) (0.144) (0.041)
Debt Low Debt 0.81* 0.90"* (.28
(0.029) (0.109) (0.031)
High Debt  0.85*** 1.05*** 0.32***
(0.027) (0.116) (0.033)
Observations 1,587 1,587 1,587

Note: (1) shows the linear regression results; (2) presents the probit regression results; (3) indicates
the marginal effects. All parentheses are robust standard errors; *p < 0.05; **p < 0.01; ***p <
0.001.
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F.3 Random effect meta-analysis

G Estimation: Debt aversion

We first introduce the estimation model developed in MMS2024 before presenting

the results.

G.1 Setup

Let an agent make allocation decisions over multiple periods ¢ = (1,...,7"), dis-
tributing a given endowment X" across multiple accounts j = (1,...,.J). Each
account has an initial balance of b;, and the agent allocates an amount a:§ to each
account. In the next period, each account generates a return of b;ij based on its
balance following the previous allocation and the interest rate ;. This return is re-
allocated to each account as the initial endowment. Every interest rate is positive
and time-invariant. To ensure consistency with the experimental design, results of

MMS2024 and the present study, we introduce the following assumptions:

(A1) Z i1 xj = X' Vt € T: The agent must exhaust her endowment.
(A2) :c§ > 0,Vt € T,Vj € J: The agent cannot redistribute her balances.

(A3) When the agent has a negative balance (i.e.,x§ —|—b§- < 0), the agent has a debt

aversion parameter \ affects the evaluation of the current negative balance.

Under the (A1)-(A3), the agent has a particular allocation o = ((x1, ..., x}), ..., (zT, ...

as follow :

T J
=D (¥ +at) (1 +4;) (1 + A{p, + 2} < 0}) (1)

t=1 j=1
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Deriving the first order condition, the following conditions are obtained from

Eq.(1).

oU

5f = L+ for bi4a;>0 2)
J

oU

o7 = (1+i)(1+X) for b§-+:c§-<0 3)
J

These conditions are independent of other periods; hence, the same return-
maximizing strategy is used in all periods. These conditions yield that the agent’s
strategy behavior depends on the interest rate for positive balance accounts or the
accounts where the negative balances are repaid, while it depends on both the
interest rate and the debt aversion parameter A for accounts with not repaid the
negative balances. If )\ is low, the agent allocates all endowments to the highest
interest rate account each period. We call the group of agents with low ) is labeled
the Zero-\. If X is sufficiently high, the agent prioritizes repaying a negative
balance until the debt is repaid, after switching the allocation behavior that the
agent allocates to the highest interest rate account in the remaining periods. The
group of agents with sufficiently high A is labeled the Low-\. If A is very high,
the agent allocates all endowments to negative balances until all debts are repaid.
After the agent fully repays all debts, they allocate the highest interest rate in the
remaining period. The group of agents with very high A is labeled the High-\.

To estimate A, we simplify the model. Assuming the agent has only four ac-
counts: two with positive(non-negative) initial balances (b1, b > 0) and two with
negative balances (bs, by < 0). In addition, let the highest interest rate correspond
to the account with 7;. According to the first-order conditions, the range of A

can be derived by applying 7; to Condition (2) and i3 or 74 to Condition (3) and
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comparing two conditions.

We apply these settings to our experiment design to specify the range of \."
First, Zero-\ agents allocate all endowment to the account with ¢, thus, A <
0.05/(1 4 0.15) ~ 0.04. Next, Low-\ agents repay only one debt account, thus,
0.04 < A < 0.05/(1 + 0.05) ~ 0.14. Finally, High-\ agents repay all debts
account, thus, 0.05/(1 4 0.05) >~ 0.14 < A.

Using the different types of A, we compare the allocation predicted by each
type of A with the actual allocation behavior in our experiment by the mean

squared error (MSE), as shown in eq (4).

1 4 xt—i’t 2
mse - 133 (D7) @

where i; represents the allocation predicted by each type of \. We calculate the
deviations between the actual allocation and the predicted allocation of each type
divided by the endowment. The participant is classified into the type with the
smallest MSE (i.e., minimum distance estimation) among the three MSE calcu-
lated by the three types. The average ) is calculated using the number of partici-

pants classified into each type and the corresponding 1 + A for each type as shown

in (5).16

(nzero X 1) + (nLOW X 104) + (nHigh X 114)

NZzero + NLow + NHigh

\ =

)

In this estimation, we use experimental data from both treatments with and with-

out debt, similar to MMS2024. The treatment without debt represents the Low

I5The interest rates (i1,i2,93,i4) correspond to (20%,10%,15%,5%) from our experimental de-
sign.

167 ow-\ is calculated as 1 + 0124-_0(_)1155 ~ 1.04, and High-) as 1 + OiQ-s-_o(.Jd%S ~1.14
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Debt treatment setting based on the allocation behavior in No Debt due to con-
trol for the noise in type classification and we conduct a placebo experiment using
data from No Debt participants. The treatment with debt represents the Low Debt,

High Debt, and one-shot scenarios, based on the allocation behavior in Low Debt.

G.2 Estimation results

Table G1 presents the percentages of Zero\, Low\, and High)\ types, as well
as average debt aversion parameter in both MMS2024 and the present study. The
summary of p-values that compare them across treatments is reported in Table G2.

First, let us summarize the results from MMS2024. In the Low Debt treat-
ment, there is greater heterogeneity compared with the other treatments with debt.
While no significant differences in fraction of Low are observed across the other
treatments (p = 0.055 in No-Debt, p = 0.472 in High-Debt, p = 0.315 in One-
Shot), significant differences at the 5% level are observed for the fraction of High\
(p = 0.024 in No-Debt, p < 0.001 in High-Debt, p = 0.024 in One-Shot). The
49% participants are classified into debt-averse types. The average ) calculated
from each type in Low Debt is 0.044. To confirm the robustness of estimation, we
conduct a placebo experiment that examines how allocations from the No-Debt
treatment would be classified if they allocate points under the Low-Debt treat-
ment.

The placebo experiment shows that while some percentage of participants’ al-
location behavior cannot be sufficiently explained (14% of Low\, 10% of High\),
it also shows that when the MSE threshold is 0.054, participants are not classified

into debt-averse types in Low Debt treatment. Under the MSE thresholds, 41%
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Figure G2: The Average A Based on MSE Thresholds.
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(a) MMS2024 (b) The present study

Notes: Vertical dashed lines indicate the MSE threshold in the No Debt treatment
(placebo experiment). (a) The MSE threshold is 0.054, and (b) the MSE threshold
is 0.086, with no Low or High A types in No Debt treatment.

in Low debt, 20% in high debt, and 36% in one-shot are classified as debt-averse.
These relative proportions of classified types are similar.

Furthermore, even when using data with an MSE below 0.05, the relative dis-
tribution of types in the treatments with debt is similar to the data with a large
MSE (See, Figure G1). The average A are 0.035 for Low Debt, 0.014 for High
Debt, and 0.026 for one-shot, respectively!’.

We replicate the greater heterogeneity in Low Debt compared with other treat-
ments with debt. In the Low Debt treatment, 78%, 20%, and 2% of participants are
classified into Zero), Low\, and High), respectively. Compared to MMS2024,
Zero) is 27% higher (p < 0.001), High\ is 21% lower (p < 0.001), but the dif-
ference for Low\ is 6%, which is not significant (p = 0.344). Applying the MSE
threshold (MSE < 0.085) to the treatments with debt, the proportion of Zero A

is significantly higher in the Low Debt (p = 0.023) and one-shot (p < 0.001)

"Thses average A for treatments with debt across different MSE thresholds (e.g., 0.05 <
MSE thresholq < 0.15) are similar to the average A with the MSE threshold is 0.054. Thus,
these average A stable on different MSE thresholds (See, Figure G2 (a))

61



treatments compared to MMS2024. In contrast, no significant difference is ob-
served in the High Debt treatment (p = 0.072). However, 79% of Zero\ in Low
Debt treatment is the lowest among the treatments with debt (p = 0.008 vs. High
Debt, p = 0.002 vs. One-Shot). Additionally, 19% of LowA types, which is the
highest among the treatments with debt (p = 0.021 vs. High Debt, p = 0.005 vs.
One-Shot). The average ) is 0.012 in Low Debt which is stable even using the
different MSE threshold (See, Figure G2 (b)).

This indicates that the Low Debt treatment in the present study has a higher
proportion of participants showing debt-averse behavior than other treatments
with debt. Moreover, unlike MMS2024, the Low Debt treatment in the present
study also shows a higher proportion of participants classified as debt-averse types
compared to the other treatments with debt even the tendency of type classifica-
tion between the present study and MMS2024 is similar (See Figure G1). In the
Low Debt treatment of MMS2024, participants perceive $1 of debt as equivalent
to $1.035 in savings, whereas in the present study, they perceive $1 of debt as

equivalent to $1.012 in savings.

G.3 Bootstrap simulations

Similarly to MMS2024, we confirm the significance of the estimated average A
using bootstrap simulations. We draw 10,000 samples from MMS2024 and the
present study experimental sample, controlling noise at the MSE threshold in the
Low-Debt treatment where no participants exhibit debt aversion, and re-estimate
A\B for each type (Zero)\, Low)\, High)\)'®. In the No-Debt treatment, as no par-

ticipants show debt aversion, the distribution of average )\ concentrates around 1.

18See Figure G1 (a)
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We use F-tests to check whether the re-estimated AP for the treatments with debt
(Low, High, One-Shot) are equal to 1.

Figure G3 and Table G4 present the distributions of the average AP for each
treatment with debt, along with the results of linear regression analysis for the
average \7 of each treatment.

The results show that in MMS2024, the distribution of average ) for treatments
with debt (Low, High, One-Shot) deviates from 1, with the largest difference ob-
served in the Low-Debt treatment (See Figure G3 (a)). The F-test shows that the
reestimated average \Z significantly differs from 1 (p < 0.000).

In the present study, compared to MMS2024, the distribution of average A
is closer to 1, although,the distance from 1 is still observed in the Low Debt
treatment. The reestimated average \” of treatments with debt differ from 1
(p < 0.000). Additionally, we combine the treatments with debt types (Zero,
Low, High) from MMS2024 and the present study, drawing 20,000 samples and
reestimating \®. The results show a reduction in the distribution variance, and
the reestimated average \” aligns with the average A calculated using each MSE
threshold (X is 0.019 in Low Debt, High Debt )\ is 0.007 in High Debt, and A is
0.011 in One-Shot in Low Debt). The reestimated average \Z of treatments with

debt significantly differ from 1 (p < 0.000).
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Notes: Vertical dashed lines in (a) and (b) indicate the average \ for our sample
and the MMS2024 sample, controlled by the MSE threshold (see Table G1). Ver-
tical dashed lines in (c) indicate the average ) for the combined data from our
sample and the MMS2024 sample, controlled by the MSE threshold. These av-
erage \in (c) are Low Debt 1.025, High Debt 1.008, and one-shot in Low Debt
1.015
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Table F4: The Percentage of Return-Maximizing Choices in One-Shot Scenarios:

Pooled 2023/2025

One-Shot Comparison  Study Effect [95% CI] Weight (%) Relative effect size

No Debt treatment

No vs. Low MMS2024 0.610 [0.005, 1.215] 62.96
Present study ~ 1.180 [0.350, 2.011] 37.04 0.570
Pooled 0.821** [0.282, 1.361]  I? = 15.42%

No vs. High MMS2024 0.801 [0.191, 1.411] 65.39
Present study ~ 1.064 [0.226, 1.902] 34.61 0.263
Pooled 0.892°* [0.399, 1.385]  I% = 0%

Low vs. High MMS2024  0.191 [-0.415, 0.798] 54.79
Present study —0.116 [—0.784, 0.552] 45.21 —0.307
Pooled 0.052 [—0.397, 0.501] I =0%

Low Debt treatment

No vs. Low MMS2024 0.705 [0.098, 1.312] 76.27
Present study ~ 1.708 [0.159, 3.257] 23.73 1.003
Pooled 0.943* [0.106, 1.780] 1% = 28.40%

No vs. High MMS2024 0.850 [0.239, 1.462] 86.96
Present study  1.459 [—0.120, 3.039] 13.04 0.609
Pooled 0.930** [0.359, 1.500] I = 0%

Low vs. High MMS2024 0.145 [—0.465, 0.756] 72.11
Present study —0.249 [—1.230, 0.732] 27.89 —0.394
Pooled 0.035[—0.483, 0.554] %= 0%

High Debt treatment

No vs. Low MMS2024 0.583 [—0.033, 1.198] 63.35
Present study ~ 1.008 [0.198, 1.817] 36.65 0.425
Pooled 0.738** [0.249, 1.228] 7= 0%

No vs. High MMS2024 0.722[0.107, 1.338] 64.82
Present study  0.692 [—0.143, 1.527] 35.18 —0.030
Pooled 0.712** [0.216, 1.207] I’ =0%

Low vs. High MMS2024 0.140 [—0.459, 0.738] 57.77
Present study —0.316 [—1.016, 0.384] 42.23 —0.456
Pooled —0.053 [-0.507, 0.402]  I? = 0%

Note: Effect sizes are log odds ratios; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., one-shot No Debt in one-shot No Debt vs. one-shot Low
Debt), a higher proportion of participants engaged in return-maximizing behavior by allocating
all points to Savings 1, compared to the second treatment (e.g., one-shot Low Debt in one-shot
No Debt vs. one-shot Low Debt). Weight = inverse-variance contribution of each study to the
pooled effect; larger weight indicates smaller standard error and more precise estimate. 2 =
heterogeneity between MMS2024 and the present study. Relative effect size on the log-odds scale
is defined as RES = In ORresent study — 1n ORMMs2024. When both effects in the same direction,
RES > 0 indicates the effect of present study is larger, RES < 0 indicates the effect of present
study is smaller. * p < 0.05, ** p < 0.01, *** p < 0.001, testing whether the pooled effect size
differs from zero.
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Table F5: The Percentage of Return-Maximizing Choices in One-Shot Scenarios:
Separate 2023/2025

One-Shot Comparison  Study Effect [95% CI] Weight (%) Relative effect size

No Debt treatment

No vs. Low MMS2024 0.610 [0.005, 1.215] 47.14
2023 waves  2.752 [0.668, 4.836] 26.51 2.142
2025 wave 2.609 [0.513, 4.706] 26.36 1.999
Pooled 1.705* [0.153,3.257] 1% = 65.96%

No vs. High MMS2024 0.801 [0.191, 1.411] 51.75
2023 waves  2.643 [0.554, 4.732] 24.22 1.842
2025 wave 2.485 [0.381, 4.589] 24.03 1.684
Pooled 1.652* [0.304,3.000] 1% = 56.03%

Low vs. High MMS2024  0.191 [-0.415,0.798] 46.10
2023 waves  2.456 [0.362,4.550] 27.04 2.265
2025 wave 2.274[0.164, 4.383] 26.86 2.082
Pooled 1.363 [—0.258,2.983] 1% = 68.29%

Low Debt treatment

No vs. Low MMS2024 0.705 [0.098, 1.312] 86.10
2023 waves  2.104 [—0.039, 4.247] 7.44 1.399
2025 wave 1.145 [—1.157, 3.447] 6.46 0.440
Pooled 0.838* [0.251,1.424]  I? =1.13%

No vs. High MMS2024 0.850 [0.239, 1.462] 87.08
2023 waves  1.712 [—0.480, 3.905] 6.77 0.862
2025 wave 1.145 [—-1.157, 3.447] 6.14 0.295
Pooled 0.927** [0.356, 1.497] ?=0%

Low vs. High MMS2024  0.145 [—0.465, 0.756] 72.51
2023 waves —0.392 [—1.629, 0.845] 17.64 —0.537
2025 wave  0.000 [—1.656, 1.656] 9.84 —0.145
Pooled 0.036 [—0.483, 0.556] I’ =0%

High Debt treatment

No vs. Low MMS2024  0.583 [-0.033, 1.198] 64.13
2023 waves  0.791 [—0.241, 1.823] 22.81 0.208
2025 wave 1.382[0.018, 2.746] 13.06 0.799
Pooled 0.735** [0.242, 1.227] I’ =0%

No vs. High MMS2024 0.722[0.107,1.338] 65.57
2023 waves  0.439 [—0.631,1.508] 21.71 —0.283
2025 wave 1.104 [-0.292, 2.501] 12.72 0.382
Pooled 0.709** [0.211, 1.208] ?=0%

Low vs. High MMS2024  0.140 [—0.459, 0.738] 57.90
2023 waves —0.352 [—1.306, 0.602] 22.78 —0.492
2025 wave  —0.277 [—1.313,0.758] 19.32 —0.417
Pooled —0.053 [—0.508, 0.402] 2 =0%

Note: Effect sizes are log odds ratios; 95% CI. Effect sizes are reported such that positive values
indicate that the first treatment (e.g., one-shot No Debt in one-shot No Debt vs. one-shot Low
Debt), a higher proportion of participants engaged in return-maximizing behavior by allocating all
points to Savings 1, compared to the second treatment (e.g., one-shot Low Debt in one-shot No
Debt vs. one-shot Low Debt). Weight = inverse-variance contribution of each study to the pooled
effect; larger weight indicates smaller standard error and more precise estimate. I? = heterogeneity
between MMS2024 and 2023/2025 waves. Relative effect size on the log-odds scale is defined as
RES = InORpresent study — 10 ORMms2024. When both effects in the same direction, RES > 0
indicates the effect of present study is larger, 86S < 0 indicates the effect of present study is
smaller. * p < 0.05, ** p < 0.01, *** p < 0.001, testing whether the pooled effect size differs
from zero.



‘$0 9[qe], pue ¢O InJ1 23S
‘suone[nuis derjsjooq uisn ' 9FeIoAL PAJEWINS JO 90UBDYIUTIS 9} SSASSE OS[B AN “¢D) 9[qe], Ul paliodal se ‘S[0JIu0d [enpIAIPUT JNOYIIM
SUOISSAISAI IBQUI] A} UO PIseq 1S~ ue Sursn payndwios oxe sanfea-d sadK) YSI pue Mo se payIsse[d 10U ST 1] ON Ul juedronted
U} A1ayMm ‘ploysaIy) gSIN Ym 2dA) yoea jJo 93ejuadrad oy Jo sarpnis om) Jo uosuredwio) —— ‘proysaiyl gSN moyim ad4Ay yoes jo
o3ejucorad oy Jo se1pnis om) jo uosueduwio)) +-+ “SproysaIyl gSIA Aq PONIWIO BIep JO JIqUINU Ay} 218 Sasaypualed Ul BI[ap [[V SION

(T1v) 98 L8 (9¢ V) 0S 98 u
omo”o So”o %0 %0 %01 %01 XYt 1qo 10T I
100°0 000°0 %S %S %9¢ %EE MO 10YS U(Q)
0000 000°0 2000 %S6 72000 %S6 9200 %9 620°0 %LS Y017
(LT V) 9 16 (0S V) 9¢ 98 u
0ST°0 080°0 %0 %0 %9 %€ YY3H o
SHT0 TLO0 %9 %BIT Rl %1T ymoy  MPAUSH
7L00 6100 €000 %¥6 S00°0 %68 ¥10°0 %18 ¥10°0 %9L Y017
(CAVRES L8 (SAVIRLZ 98 u
810°0 000°0 %T %T %L1 %ET YY3TH
99%°0 YE0 %61 %0¢ %HT %9¢ | 1R 40T
€200 000°0 7100 %6L 100 %8L S€0°0 %6S ¥¥0°0 %IS Y017
(€ V)68 76 (SAVIREY 98 u (0qoeld)
- 2000 %0 %0 %0 %01 YY3TH 1qo MO I
— 000°0 %0 %I %0 %Y1 (M0 192 ON
- 000°0 0000 %001 100°0 %66 0000 %001 120°0 %9L Y0137
_onpea-d onea-d YAV 980°0 > ASIN YAV 0 <HSIN YAV FG0°0>HASIN YAV 0 < ASI
Apmys Juasaag Y0TOZSININ

Y 98e1oAy pue odA], syuedionred Jo a8ejuadidd 1D Q[qeL

67



Table G2: Summary of p-Values Computed Across Treatments.

(a) MMS20204
MSE > 0 MSE < 0.054
Low Debt High Debt One-shot Low Debt High Debt One-shot
No Debt 0.001 1.000 0.009 0.000 0.004 0.000
Zero) 10w Debt - 0.001 0.447 - 0.032 0.598
High Debt — — 0.009 — — 0.083
No Debt 0.055 0.229 0.003 0.000 0.017 0.000
LowA  1ow Debt — 0.472 0.315 — 0.239 0.861
High Debt — — 0.085 — — 0.157
) No Debt 0.024 0.072 1.000 0.004 0.150 0.020
HighA 10w Debt - 0.000 0.024 - 0.104 0.336
High Debt — — 0.072 — — 0.440
(b) Present study
MSE > 0 MSE < 0.086
Low Debt High Debt One-shot Low Debt High Debt One-shot

No Debt 0.000 0.005 0.162 0.000 0.041 0.043
Zero)\ Low Debt — 0.051 0.001 — 0.008 0.002
High Debt — — 0.110 — — 0.675
No Debt 0.000 0.005 0.162 0.000 0.041 0.043
LowX Low Debt — 0.114 0.002 — 0.021 0.005
High Debt — — 0.110 — — 0.675

No Debt 0.155 — — 0.156 — —
High)\ Low Debt — 0.155 0.155 — 0.156 0.156

High Debt - - - - - -

Notes: p-values are computed using an F-test based on the linear regressions without individual
controls, as reported in Table G3.
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Table G3: The Percentage of Types

MSE > 0 MSE < 0.054 or 0.086

ey @) 3) “4) &) (6)
Zero LowA  HighA  ZeroA  LowA  High\

(a) MMS2024 No Debt 0.76***  0.14***  0.10"*  1.00*** 0.00 0.00
(0.047)  (0.038) (0.033) (0.000) — —
Low Debt 0.51***  0.26*** 0.23*** 0.59** 0.24*** 0.17**
(0.054)  (0.047) (0.046) (0.078) (0.068) (0.059)
High Debt 0.76***  0.21*** 0.03 0.81"**  0.14* 0.06
(0.047)  (0.044) (0.020) (0.067) (0.058) (0.039)
One-Shot 0.57*** 0.33**>* 0.10" 0.64*** 0.26"*  0.10*
(0.054) (0.051) (0.033) (0.069) (0.063) (0.043)
(b) The present study No Debt 0.99*** 0.01 0.00 1.00*** 0.00 0.00
(0.011)  (0.011) — (0.000) — —
Low Debt 0.78**  0.20*** 0.02 0.79***  0.19*** 0.02
(0.044) (0.043) (0.016) (0.046) (0.044) (0.017)
High Debt 0.89***  0.11** 0.00 0.94***  0.06* 0.00
(0.0330) (0.033) — (0.031) (0.031) —
One-Shot 0.95*** 0.05 0.00 0.95***  0.05* 0.00
(0.023)  (0.023) — (0.023)  (0.023) —

Observations 701 701 701 498 498 498

Notes: (1), (2), and (3) show the linear regression results without the MSE threshold; (4), (5), and
(6) show the linear regression results with MSE thresholds of 0.054 and 0.086. All parentheses
are robust standard errors; *p < 0.05; **p < 0.01; ***p < 0.001.
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Table G4: The Linear Regression of Bootstrap Simulations

(1) (2)
Average \®  Average \F 7 ~value™
(a) MMS2024 Low Debt 1.035** 0.0000
(0.0001)
High Debt 1.014** 0.0000
(0.0001)
One shot 1.026*** 0.0000
(0.0001)
(b) The present study Low Debt 1.012*** 0.0000
(0.0000)
High Debt 1.003*** 0.0000
(0.0000)
One shot 1.002*** 0.0000
(0.0000)
(c) MMS2024 x The present study  Low Debt 1.019*** 0.0000
(0.0000)
High Debt 1.007*** 0.0000
(0.0000)
One shot 1.011*** 0.0000
(0.0000)
Observations 60000 60000

Notes: p-values™ are computed using an F-test based on linear regression. The p-
value™ shows the result of the F-test for the significant difference between the
No Debt treatment with an average X of 1 and the average AP controlled by
MSE threshold for the Low Debt, High Debt, and one-shot treatments calcu-
lated using the bootstrap simulations. All parentheses are robust standard errors;
*» < 0.05; **p < 0.01; **p < 0.001.
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