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This paper examines whether biased income expectations due to overconfi-
dence lead to higher levels of debt taking. We show suggestive evidence for
a link between overconfidence and borrowing behavior in a representative
survey of German households (German Socio-Economic Panel–Innovation
Sample [GSOEP-IS]). This motivates a laboratory experiment to study
causality behind these effects. In two experiments, participants can purchase
goods by borrowing against their future income. We exogenously manipu-
late overconfidence about income expectations by letting income depend on
relative performance in hard and easy quiz tasks. In the main experiment, we
successfully generate biased income expectations and show that participants
with higher income expectations initially borrow more. Overconfident par-
ticipants scale back their consumption after income feedback. However, they
remain in higher debt at the end of the experiment, which has real financial
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consequences. In a robustness experiment, we rule out that overborrowing is
driven by low prices of goods. Even though the expected income manipula-
tion works less well in this experiment, debt-taking behavior is very similar
and correlates with income expectations and overconfidence.

JEL codes: D14, D84, G40, G51
Keywords: debt, consumption, borrowing, overconfidence, income

expectations

Consumer indebtedness is a core economic issue in mod-
ern societies. There are millions of individuals in every major OECD country who
are considered overindebted. Their share is estimated to be between 5% and 10% in
most developed countries; while in Germany, 10% of the adult population is con-
sidered over-indebted (Creditreform 2018), the United States leads this statistic with
shares of up to 20% (Fondeville, Özdemir, and Ward 2010, OECD 2018).1 An even
higher fraction of households self-reports to experience problems with debt servicing
and debt repayment (Lusardi and Tufano 2015, Money Advice Service 2017). Too
high household indebtedness may not only reduce individual welfare, but can also
have negative effects at a larger scale and may adversely affect the economy (Melzer
2011, Livshits, Mac Gee, and Tertilt 2016, Sufi, Mian, and Verner 2017). Its role for
growth, financial crises, and unemployment has, therefore, received increased policy
attention (IMF, 2012, 2017).
However, the reasons why so many people incur more debt than they can repay are

not well understood. It is argued that many phenomena related to overborrowing are
hard to reconcile with rational expectations and may reflect behavioral biases (Amar
et al. 2011, Zinman 2015, Alan et al. 2018, Beshears et al. 2018, Gathergood et al.
2019).
In this paper, we examine one possible cause of (over)borrowing, namely, the ef-

fect of overconfidence on borrowing behavior. We study overconfidence in the form
of overplacement, which refers to people’s perception that they are better than oth-
ers (following the terminology of Moore and Healy (2008), who identify three types
of overconfidence). If people are overconfident about their relative ability, they may
form overly high expectations about future income (Smith and Powell 1990, Reuben,
Wiswall, and Zafar 2017, Buser et al. 2020). A classical assumption in household
finance is that people maximize their inter-temporal utility and smooth consumption
by borrowing and saving according to their expectations (e.g., Friedman 1957). As-
suming that households behave rationally, overindebtedness should only occur in the
face of negative shocks that exceed the shock-absorbing capacity of the respective
household. Such shocks often include unemployment, unexpected illness, or divorce
(Statistisches Bundesamt 2018). However, if people have too optimistic income ex-
pectations, they may overconsume early in life and run into debt even without major
negative shocks (Brunnermeier and Parker 2005).

1. International statistics often lack comparability, and the definition of overindebtedness varies. For
example, the OECD uses a debt-to-asset ratio above 75% and a debt-to-income ratio exceeding three as
measures of overindebtedness (Murtin and d’Ercole 2015).
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We first analyze evidence for the relationship between general overconfidence,
debt taking, and overindebtedness in a representative sample of German households
(German Socio-Economic Panel [GSOEP]). The survey asks participants to judge
their ability in two short tasks relative to a representative group of the German
population. We show that those who overplace their ability in these tasks are more
likely to use overdrafts. We further observe that these overconfident individuals also
expect to be able to make all repayments on time. This may be due to overconfident
income expectations. However, the survey does not contain a viable measure of
income expectations, which prevents us from studying the direct relation between
income expectations and debt taking. In addition, data collected from household
surveys only provide evidence of correlations.
In order to examine the causality of the relationship between overconfidence, in-

come expectations, and debt taking, we conduct a laboratory experiment, in which
we exogenously vary the expectations of participants about their future earnings. To
create such variation, we exploit the “reversed hard-easy effect” (Burson, Larrick,
and Klayman 2006, Moore and Small 2007), which refers to the tendency of people
to overplace their relative performance in easy tasks and to underplace their relative
performance in hard tasks. We prime participants with either hard or easy sample
questions that are representative for general knowledge questions they answer to earn
income. As participants are paid according to their relative ability, the actual income
on group level is independent of task difficulty. However, in line with the literature,
we find that those assigned to easy tasks form higher income expectations than those
assigned to hard tasks or a random payment.
Income expectations are crucial to the experiment, as income determines the abil-

ity to consume (snacks, beverages, and other items), but is only gradually revealed
and paid out over time. Participants need to form income expectations to optimally
purchase goods in a sequence of markets. They know the price level of goods will
increase over time, which provides an incentive to buy goods early. Early purchases,
therefore, allow a higher consumption level at a given budget. To be able to buy early,
participants can use interest-free debt. Earned income cannot be saved and paid out
in cash, but can only be spent on goods. Thus, participants face a decision in which it
is rational to take up as much debt as they expect to earn during the experiment. We
repeat the quiz task (to earn income) and the market (to consume) after the initial run,
which allows us to examine the dynamic interaction between overconfident income
expectations and borrowing.
In the main experiment, results support the hypothesis that higher income expecta-

tions raise the level of borrowing, with the experimental design allowing for a causal
identification. We first verify that the manipulation of income expectations is suc-
cessful. Participants in the easy treatment expect significantly higher income than
participants in the hard treatment. Moreover, we find that those in the easy treatment
initially borrow more and have higher debt levels throughout the experiment. When
income is revealed, they reduce their consumption, but they are still more likely to
remain in debt at the end of the experiment.
Participants with overconfident income expectations realize that their actual in-

come does not match their consumption plans in later rounds. They more often leave
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the experiment with a negative balance that is deducted from their show-up fee. We
interpret them as overindebted, as most participants would prefer to avoid this cash
penalty. This means that overconfident income expectations predict overindebtedness
in the experiment. In the second and third experimental markets, the treatment effect
of task difficulty becomes weaker, as participants adjust to the treatment condition.
Instead, we find a stronger effect of overconfidence, defined by the difference between
expected and actual income, on final debt. We establish the causality of these results
using an instrumental variables strategy, in which we use treatment assignment as an
instrument for overconfidence. We find that each euro of inflated income expectation
increases final debt by 0.30 euros.
In a robustness experiment, we examine the possibility that excessive debt taking

is induced by the low prices of goods in the main experiment. We thus replace these
low prices with higher prices that reflect real-world retail prices, while keeping all
other aspects of the experiment the same, including the increasing price schedule,
which now serves as the only motivation to borrow. In the robustness experiment, the
manipulation of income expectations via the hard–easy effect produces insufficient
variation across treatments, which means that we cannot exploit the exogenous shift
in expectations. Importantly, this does not imply that income expectations do not
affect debt taking, but that the robustness experiment does not allow us to investigate
the causal effect. Instead, we have to rely on endogenous income expectations to
provide correlational evidence. We find that high income expectations are associated
with higher debt taking and that overconfidence predicts who remains in debt at the
end of the experiment. In terms of amounts borrowed, debt-taking behavior is very
similar to that in the main experiment. There is no evidence that low prices of goods
are responsible for excessive debt taking. We conclude that even without a significant
treatment effect, the robustness experiment broadly confirms our main results.
Several studies have examined biased expectations as a potential reason for high

levels of borrowing by households. Biased expectations have further been associated
with poor repayment rates and overindebtedness. Overestimation of one’s own self-
control has so far gainedmost attention in the literature. Heidhues andKöszegi (2010)
show in a theoretical model that consumers, who are unaware of their self-control
problems, will put off repayment in back-loaded credit contracts. Lack of self-control
has empirically been related to suboptimal borrowing behavior and overindebtedness
(Gathergood 2012). Relatedly, consumers underestimate their usage of late payments
and overdrafts. As a consequence, they pay no attention to related fees when taking
out a loan (Gabaix and Laibson 2006). Another form of biased expectations relevant
for debt decisions is the exponential growth bias. People underestimate the exponen-
tial growth of a loan amount due to compound interest, and more biased households
tend to borrow more (Stango and Zinman 2009).
Our results further contribute to the literature on the link between income expecta-

tions and debt taking. Hyytinen and Putkuri (2018) analyze a survey in which partici-
pants are asked to predict how their financial situation will develop over the next year.
They compare these predictions with the realizations 1 year later and find that those
who make optimistic forecast errors have higher debt-to-income ratios. Similarly,
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Cocco, Gomes, and Lopes (2019) find that households that experienced a decline in
earnings and subsequently make optimistic forecast errors are more likely to take out
an additional mortgage on their house than those who do not make optimistic forecast
errors. Souleles (2004) finds that households underestimate economic shocks and that
their too positive sentiment is related to higher consumption. Our findings can help to
explain the pattern they find: people with overconfident income expectations will be
particularly affected by negative shocks to the economy or their personal situation,
as they already run overly high consumption levels.
Finally, we contribute to the literature on overconfidence in financial decision mak-

ing. Mostly this literature is concerned with investment decisions (Odean 1998, 1999,
Barber and Odean 2000). Overplacement relative to other people, which is the type
of overconfidence we study, has been related to overtrading and greater risk taking
(Glaser and Weber 2007, Graham, Harvey, and Huang 2009, Merkle 2017). It has
further been shown that overconfident corporate managers use more debt, in partic-
ular long-term debt (Ben-David, Graham, and Harvey 2013). For household debt,
however, overconfidence research is scarce. In contemporaneous work, Klühs, Koch,
and Stein (2019) administer a survey on income expectations and indebtedness in
Thailand and run as an add-on a simplified version of our design as lab-in-the-field
experiment. While their treatment has not shifted expectations sufficiently to study
the causal effect of expectations on overborrowing, they find an association between
indebtedness in the experiment and “real life” debt indicators.

1. SURVEY EVIDENCE

We begin our analysis by examining the link between debt, expectations, and
overconfidence based on a representative sample of people living in Germany. The
GSOEP is a representative longitudinal survey of German households aimed at exam-
ining their social and economic behavior. The variables of interest for this study are
part of the Innovation Sample (GSOEP-IS), a supplementary stream of the GSOEP
designed for more innovative research questions. We combine data from the 2016,
2017, and 2018 waves. Our sample comprises a total of 1,085 respondents. For a de-
tailed description of the survey, the participant sample, and the used measures, see
Online Appendix A.

1.1 Overconfidence, Borrowing Behavior, and Repayment

We use two measures of overconfidence (overplacement) available in the GSOEP-
IS data. Participants are asked to compare their performance in two short tasks to a
random sample of the German population. The first task asks participants to name as
many numbers that are multiples of 9 (or 17) as they can in 20 seconds. The second
task asks participants to name as many animals (or insects) as they can in 20 sec-
onds. The questions ask for a judgment of relative performance and the tasks have an
easy and a hard version, which is randomly assigned. To measure overplacement, we
compare respondents’ belief about their relative ability to their actual position within
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the sample of participants who answered the same question (for details, see Online
Appendix A).
We first link these overconfidence measures to self-reported borrowing behavior

elicited in the survey. Overdraft use, expected repayment ability, and current debt
payment problems are considered as indicators of potentially problematic borrowing
behavior.2 Participants state whether or not they currently use the overdraft facility of
their checking account. Overdrafts are a readily available but particularly expensive
form of debt, for many banks this is the most expensive form of debt that they offer.
The average interest rate on an overdraft in Germany is just under 10%.3 Overdrafts
have also been related to low self-control (Gathergood 2012, Becker, Jaroszek, and
Weber 2017). Continuous overdraft use might also signal that a household is living
beyond its means. Overdraft use is conditional on participants stating that they have
an account with overdraft facility (N = 87).
The GSOEP-IS contains a question that directly aims at the expected ability to

repay outstanding debt. Participants are asked for the probability that they will be
able to make all scheduled repayments on time. This variable is presumably clos-
est related to the experimental design, as in the experiment, income expectations are
crucial for the expected ability to repay ones debt. Overconfidence might lead par-
ticipants to overestimate their ability to repay. As 92% of participants are certain to
make all repayments on time in the GSOEP, we define repayment ability as a binary
variable. Repayment ability is conditional on participants stating that they have debt
outstanding (N= 807). Participants also report whether they subjectively experience
debt payments (installments and interest) as a problem. This feeling might be associ-
ated with overindebtedness, as in this situation, actual and psychological debt burden
is particularly high (Keese 2012). Debt problems is a binary variable conditional on
participants stating that they are in debt (N = 87).4

Table 1 shows the results of linear probability models with overdraft use, beliefs
about repayment, and debt problems as dependent variables. The first two columns
report results for the propensity to use overdraft depending on either of the two over-
confidence measures. Both coefficients are positive, indicating that people that are
more overconfident are more likely to use the overdraft facility of their checking ac-
count. The relationship is significant only for overconfidence in the numerical task,
suggesting a higher importance of numeracy for financial decisions. A one standard
deviation increase in overconfidence corresponds to a 0.03 (3%-point) increase in
overdraft use. This is a sizable economic effect given the unconditional mean of 0.12.
In columns (3) and (4), we test for a relation between the expected repayment

ability and the overconfidence measures. Coefficients are positive and significant for

2. The GSOEP-IS includes further measures of debt-taking behavior, which we do not examine as their
interpretation is more ambiguous (e.g., existence of mortgage debt). We select the measures that seem to
be related to unintended debt, overindebtedness, or repayment ability.

3. Stiftung Warentest: www.test.de/Girokonten-Dispozinsen-4586765-0(accessed 05/29/2023).

4. Sample sizes differ, as debt problems were elicited in the 2016 wave of the panel. The question also
focuses mostly on consumer credit, which only about a third of participants indicate they have.

https://www.test.de/Girokonten-Dispozinsen-4586765-0
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TABLE 1

Overconfidence and Borrowing Behavior in the GSOEP Data

Overdraft use Belief to repay Debt problems

(1) (2) (3) (4) (5) (6)

Overconfidence (numbers) 0.089** 0.089** −0.002
(0.045) (0.039) (0.056)

Overconfidence (animals) 0.058 −0.021 −0.058
(0.037) (0.032) (0.046)

Gender 0.022 0.024 0.004 −0.002 −0.027 −0.033
(0.026) (0.025) (0.021) (0.021) (0.036) (0.035)

Age −0.001 −0.001* 0.001** 0.001** −0.003** −0.003**
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)

Education 0.001 0.001 −0.013 −0.010 0.008 0.010
(0.008) (0.008) (0.008) (0.007) (0.012) (0.012)

Works 0.020 0.025 −0.045** −0.045** −0.110** −0.118**
(0.031) (0.031) (0.023) (0.022) (0.048) (0.048)

Log of income 0.006 0.002 0.042* 0.036 −0.016 −0.014
(0.025) (0.025) (0.024) (0.024) (0.046) (0.046)

Financial literacy −0.012 −0.013 0.000 0.000 −0.051*** −0.051***
(0.010) (0.010) (0.008) (0.008) (0.017) (0.017)

Risk tolerance (self-assessed) 0.010 0.010 −0.000 −0.001 0.001 0.002
(0.006) (0.006) (0.005) (0.005) (0.007) (0.008)

Risk tolerance (choices) 0.000 −0.000 −0.000 −0.000 0.003 0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Self-control −0.012 −0.012 0.014 0.014 0.030 0.030
(0.017) (0.017) (0.014) (0.014) (0.024) (0.024)

Constant 0.131 0.166 0.544*** 0.613*** 0.668* 0.668*
(0.218) (0.221) (0.193) (0.189) (0.398) (0.394)

Unconditional mean 0.12 0.12 0.92 0.92 0.10 0.10
R2 0.022 0.019 0.035 0.026 0.099 0.104
Observations 698 698 639 639 280 280

Note: The table shows results of linear probability models (OLS) with overdraft use, belief in ones ability to repay, and debt problems as
dependent variables. Overdraft use is an indicator variable whether a household currently uses the overdraft facility of their checking account,
repayment ability is an indicator whether or not a household is certain to repay its debt, and debt problems is an indicator whether a household
experiences problems with debt payments. Overconfidence (numbers) and overconfidence (animals) are the difference between the believed
relative performance and the actual performance in the respective domain. Control variables are defined in the Online Appendix, Table A.1.
Coefficients are significant at ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01; robust standard errors are shown in parentheses.

overconfidence in the numbers task with a similar economic magnitude as in the over-
draft regression. However, the coefficient is insignificant and slightly negative for the
other overconfidence measure. Finally, columns (5) and (6) of Table 1 display results
regarding respondents experiencing debt problems.We do not find evidence that over-
confident individuals are more likely to perceive their debt payments as problematic.
Overall, the survey results provide first evidence of a link between overconfidence

and indebtedness. People who are more overconfident are more likely to engage in
problematic borrowing behavior that may result in high debt levels. Income expec-
tations, which are closely related to repayment ability, might be a channel through
which overconfidence manifests in borrowing behavior. However, this is a conjec-
ture, since we use overconfidence measures that are not directly related to income or
debt, but are rather generic.
Therefore, in the experiment introduced in the next section, we manipulate income

expectations directly to establish a causal relationship between income expectations,
overconfidence, and indebtedness.
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Fig 1. Sequence of the Experiment.

Notes: The figure shows the sequential structure of the experiment. Arrows indicate how participants progress from
one stage to another. Multiple arrows indicate instances in which different treatment groups enter different tasks. Ran-
domization in treatment groups is done at the beginning of the experiment, as already sample questions are different
across groups.

2. EXPERIMENTAL DESIGN

The purpose of the experiment is to study the effect of income expectations, in
particular overconfident income expectations, on debt-taking behavior.
The experimental designmimics actual consumption decisions, as participants earn

income that they spend on real goods that are handed over to them at the end of the
experiment. The possibility of buying on credit gives rise to borrowing decisions,
which are the main interest of this study. We implement a between-subjects design
with two treatment groups and a random group, which differ in the way income of
participants is generated. The two main parts of the experiment are the selection of
consumption goods to be bought (“market”) and the generation of income by solving
questions in a general knowledge quiz (“income task”).
Figure 1 illustrates the general structure of the experiment. After the instructions,

we conduct a test on the comprehension of the experiment. Participants failing this
test are still allowed to participate but excluded from the analysis (see below). This
is followed by a first elicitation of income expectations. Then the first market stage
takes place, with further markets alternating with two rounds of the income task. Im-
portantly, income is earned only after the first consumption decision is made. This
introduces uncertainty about income and the opportunity to borrow against future in-
come. The income task differs between the treatments as explained below. Income
expectations are elicited a second time after the first income task. After the final mar-
ket stage, participants complete a questionnaire on demographics and other control
variables (including risk preferences and self-control).
The structure of the experiment and details on the different stages are explained

to participants in the written instructions they receive before the start of the ex-
periment. They complete a comprehension test on screen at the beginning of the
experiment. The instructions and screenshots of the experiment can be found in
Online Appendix B.
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2.1 Income Task and Income Expectations

Participants can earn income based on their performance in two rounds of a quiz
task. Each of the two quizzes consists of 10 general knowledge questions taken from
a broad range of topics. Questions are asked in a multiple choice format with four
answer alternatives (for the full set of questions, see Online Appendix C). There is
a time limit of 5 minutes for the completion of each quiz. Participants are randomly
assigned to groups of eight participants and are paid depending on their relative rank
within their group. Ranks are determined by the number of correct answers with com-
pletion time as a tie-breaker. Participants receive a maximum payment of €5 when
finishing in first or second place, and the following pairs of ranks receive a reduced
payment of €4, €2, and €1, respectively. Consequently, the range of total earnings in
the two income tasks is between €2 and €10.

The treatment variation consists in the difficulty of the quizzes. While in one treat-
ment the general knowledge questions are relatively easy (e.g., “What does the chem-
ical compound H2O stand for?”), in the other treatment the questions are consider-
ably harder (e.g., “What does the chemical compound NH3 stand for?”). We will
refer to the respective treatments as the easy treatment and the hard treatment. Ques-
tions are matched in terms of topics across treatments to exclude any unintended
effects of topic familiarity. To construct the quizzes, we have tested the difficulty of
the questions in a pretest. Importantly, participants are shown four sample questions
representative for quiz difficulty at the beginning of the experiment.
Our treatment manipulation builds on the reversed hard–easy effect (Kruger 1999,

Burson, Larrick, and Klayman 2006, Moore and Small 2007), which implies that
people overplace their relative position in easy tasks and underplace it in hard tasks.
In the psychological literature, differences in beliefs between groups solving easy
and hard tasks are large and reliable.5 Based on this evidence, it seems justified to
rely on the hard–easy effect to produce different degrees of overplacement. Besides,
several contemporaneous papers in economics have used a similar treatment manip-
ulation (Dargnies, Hakimov, and Kübler 2019, Klühs, Koch, and Stein 2019, Colzani
and Santos-Pinto 2021, Barron and Gravert 2022, Bruhin, Petros, and Santos-Pinto
2022). Participants in the easy treatment are thus predicted to expect a higher absolute
income than participants in the hard treatment. Due to the identical payment scheme,
the total actual income does not differ between treatments. While we operationalize
overconfidence in the form of overplacement, Lawson, Larrick, and Soll (2023) find
that all three forms of overconfidence share a common dispositional component.
In the random group, income is determined by two independent random lotteries.

To match the income distribution in the treatment groups, there is an equal chance
to receive a payment of €1, €2, €4, and €5 in each lottery. To avoid any effects of
a quicker sequence of markets or a shorter experiment duration, participants in the

5. In Online Appendix D, we analyze results of five of the most cited articles on the hard–easy effect.
In all studies, the effect is highly statistically significant (p<0.001), and the average effect size measured
by Cohen’s d is 0.88.
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random group will nevertheless complete two quizzes (either hard or easy). It is made
clear to them that the quiz performance is not payoff relevant. Participants in the ran-
dom group are predicted to have income expectations close to mean lottery payouts.
After the instructions, but before the markets and income tasks, income expecta-

tions are elicited. At this stage, participants have been informed about the income
tasks and have seen sample questions, but have not yet completed the quizzes. They
are asked for their total expected income in € from the two quiz tasks. As income in
the experiment deterministically depends on the rank in the quiz task, income expec-
tations directly reflect beliefs about placement in the task. A question in the compre-
hension check addresses whether people understand this relationship. In addition, we
follow Merkle and Weber (2011) and elicit probabilities for reaching each rank pair
in a task. After an income task is completed, participants’ true rank and payoff are
revealed. After the first task, we ask for expected income in € for the remaining task.
We do not incentivize the income expectations to avoid strategic behavior in the quiz
tasks.6

2.2 Market for Consumption Goods

All three markets have the same structure. A total of 10 goods are on display, of
whichmultiple items can be purchased by participants.We select goods based on their
assumed desirability for a student population (including chocolate, pens, and soft
drinks), and goods remain constant across markets. The current price for each good
is shown as well as the future prices in the remaining markets (see Online Appendix B
for a screenshot). There is thus no uncertainty about prices or available quantity of
goods. Prices for goods increase substantially over time. We sell products at 50% of
the retail price in the first market, at about retail price in the second market, and 30%
above the retail price in the final market. This price structure is designed to induce
borrowing, as usual borrowing motives are absent in the experiment. In particular,
earlier purchases will not result in earlier consumption as all goods are handed over
at the same time after the experiment.
The maximum credit for purchases in the first market is €10, which corresponds to

the maximum income in the income tasks. As the first market takes place before any
income is earned, participants have to borrow against their expected future income.
After the first income task, participants’ payoff is added to their balance and they can
use it in the second market in addition to a maximum credit of €5. After the second
income task, participants’ payoff is again added to their balance and they can spend
any remaining positive balance in the third market. Importantly, the income from the
quizzes can only be spent on goods, it will not be redeemed for cash at the end of the
experiment. It is thus rational to spend any income from the income task on goods
as long as the goods have positive utility. On the market screen, participants see their
account balance and their debt level.

6. See the discussion by Schlag, Tremewan, and Van der Weele (2015).
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It follows from the design that participants can overborrow. As all participants are
allowed to take out a maximum of €10, but only few will actually earn €10, some
might not be able to repay their debt. Tomake overborrowing costly, these participants
have to repay the debt out of their show-up fee. In contrast to the income from the
income task, the show-up fee is paid out in cash. We assume and empirically corrob-
orate in the final questionnaire that participants in general prefer cash to the offered
goods and would like to avoid digging into their show-up fee (see also Sections 3.4
and 4).
The experimental design provides relatively strong incentives to borrow. One may

be concerned that subjects completely exhaust their credit independent of income
expectations. However, this is neither what theory predicts nor what people do in
practice when they observe a price discount. Theoretically, participants should spend
their expected income (as they cannot keep this money), but beyond that only pur-
chase further products if their marginal utility exceeds their price. Most people forgo
most discounts in their daily grocery shopping, and very few will exhaust their en-
tire budget to buy as much as possible of an item that is on sale. On the contrary, it is
rather difficult to find a small set of products that will appeal to a sufficient number of
participants. A little thought experiment might illustrate this: had we set up a store on
campus trying to sell the exact same products at similar price discounts, most students
would have ignored our efforts.7 We therefore predicted to see very little borrowing
activity if we allowed for a cash payout. The role of the product prices is discussed
and tested in Section 4.

2.3 Control Variables

After the main experiment, a questionnaire asks for demographics of participants
(including gender, age, and education). We ask whether they would prefer a cash pay-
out instead of goods. We further test for financial literacy using six standard questions
similar to those used by van Rooij, Lusardi, and Alessie (2011). We measure risk
aversion using a self-assessment on a scale between 0 and 10 (Dohmen et al. 2011)
and using the staircase method developed by Falk et al. (2016). Finally, we measure
self-control using the 13-item scale developed by Tangney, Baumeister, and Boone
(2004).

2.4 Procedures and Participants

After the questionnaire, the experiment ends and participants receive the goods
they purchased privately in a separate room. The total show-up fee amounts to €13
and thus sufficiently covers any possible amount of credit.8 Participants leaving the

7. In fact after the experiment, we tried to sell off leftover products at one of the authors’ institution.
Even though they were easily accessible at low prices, it took substantial time to get rid off even a portion
of the products.

8. Laboratory rules require a minimum show-up fee of €5 to be paid in cash. The additional €8
correspond to the maximum shortfall from credit (maximum credit − minimum income = €10 − €2 =
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experiment without debt receive the full €13 in addition to the products they pur-
chased. Participants leaving the experiment with debt receive the €13 minus their
debt outstanding in addition to the products they purchased.
The experiment has been registered in the Randomized Control Trial (RCT)

registry of the American Economic Association under the identifier AEARCTR-
0002634. We filed our main hypotheses in the registration, a description of the three
treatment designs, as well as the planned number of participants (n = 288). The reg-
istration was filed on December 12, 2017, prior to the first experimental session. The
experiment was programmed using the experimental software z-tree (Fischbacher
2007) and was conducted in the experimental laboratory of Technical University
Berlin, Germany, in December 2017. Participants were invited using the recruiting
software ORSEE (Greiner 2015).
A total of 285 participants completed the experiment in sessions of 24.9 In the

main analysis, we exclude 33 participants from the analysis who answer less than
four of the five comprehension questions correctly.10 As the exclusion criterion is
based on comprehension of the general instructions, it is random across treatments.
Table 2 shows demographic information for the final sample of 252 participants. We
obtain an almost equal proportion of female and male participants. Average age of
participants is 23 and most of them are studying for a bachelor’s degree. About a
third of the students work and their monthly income by this or other means is on
average about €700. They show high financial literacy but moderate risk tolerance
and self-control.
Table 2 also provides means by treatment group as a balance test of the random-

ization. Differences between groups are small for most demographic variables. We
find higher average income among participants in the easy treatment and also slightly
higher risk tolerance. While we believe these differences are due to chance, we nev-
ertheless control for these variables in the regressions.

3. RESULTS

3.1 Income Expectations

We first examine whether the treatment variation leads to differences in expected
income during the experiment. Participants in the two treatment groups were exposed

€8). To make this clear to participants, the two parts of the show-up fee are designated as “show-up fee”
and “participation fee.”

9. The easy and hard treatments require a group of eight participants to enable relative comparisons. An
equally large random group was targeted. Sessions were slightly overbooked, but due to no-shows in two
sessions, it did not reach the targeted number of participants. In this case, we used a smaller random group.

10. As an experimenter approaches and talks to participants with incorrect responses, we discover
that insufficient comprehension of the German language is responsible for the errors in many cases. The
laboratory indicates the language of experiments in the invitation (English or German), but this might be
overlooked. To avoid disruptions, participants are allowed to regularly continue with the experiment. We
provide additional analysis on excluded participants in Online Appendix E.1.



ANTONIA GROHMANN ET AL. : 13

TABLE 2

Demographic and Control Variables

Mean by treatment F-test

n Mean Hard Easy Control p-value

Gender (female = 1) 252 0.49 0.49 0.45 0.53 0.66
Age 252 22.65 21.70 23.20 23.05 0.02
Bachelor degree 252 0.18 0.18 0.23 0.14 0.32
Masters degree 252 0.06 0.02 0.06 0.10 0.12
Works 252 0.31 0.29 0.32 0.34 0.77
Income 248 701 635 834 627 0.01
Financial literacy 252 5.26 5.10 5.42 5.29 0.37
Risk tolerance (choices) 252 10.1 9.63 11.09 9.35 0.04
Risk tolerance (self-assessed) 252 4.75 4.55 5.22 4.45 0.03
Self-control 252 −0.03 −0.18 0.04 0.04 0.30

Note: The table shows means of demographic variables and controls for the full sample of participants and by treatment group. Gender is an
indicator variable taking a value of one if female. Age is reported in years. Bachelor degree and masters degree are indicator variables taking
a value of one if a participant completed the respective degree. Works is an indicator variable whether a participant works. Income is the
monthly income in € irrespective of source. Financial literacy is the number of correct answers in a financial literacy test (six questions taken
from the German SOEP-IS 2016 survey). Risk tolerance (choices) is based on lottery choices using the staircase method of Falk et al. (2016)
with values from 1 (least risk tolerant) to 32 (most risk tolerant). Self-assessed risk tolerance is measured on a scale from 0 = “completely
unwilling to take risk” to 10 = “very willing to take risk.” Self control is a factor score based on Tangney, Baumeister, and Boone (2004) with
values from −2.90 (lowest self-control) to 2.44 (highest self-control). Different numbers of observation reflect nonresponses. The p-values
of one-way ANOVA F-tests for between group differences are reported.

Fig 2. Income Expectations by Treatment before Market 1.

Notes: Average income expectations in euro for both income tasks by treatment (possible range is between 2 and 10
euros). The 95% confidence interval is indicated.

to different sample questions (hard or easy). Figure 2 shows average expected income
at the beginning of the experiment, separately for the two treatments and the random
group. The range of possible income in the two quiz tasks is between €2 and €10.
Participants in the hard treatment on average expect to earn €5.61, whereas partici-
pants in the easy treatment expect to earn €6.67. The difference of more than 1 euro
is highly significant (p < 0.001). Participants in the random group know that they are
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Fig 3. Income Expectations by Treatment before Market 2.

Notes: Average income expectations in euro for the second income task by treatment group (possible range is between
1 and 5 euros). The 95% confidence interval is indicated.

paid according to the outcome of two lotteries. They expect to earn €6.04, which is
very close to the expected value of the lotteries (€6). Unsurprisingly, the variance of
income expectations is lowest in this group.
Figure 3 shows income expectations after the first income task and before the sec-

ond market stage. Participants are asked to provide their expected income for the re-
maining income task; the range of possible values is thus reduced to between €1 and
€5. They respond after receiving feedback on their income in the first quiz task. The
average income expectation of participants in the hard treatment is €2.77, while those
in the easy treatment expect to earn €3.16. Participants in the easy treatment still ex-
pect higher income, but the difference is smaller and statistically significant at a level
of 10% (p = 0.07). The difference is slightly smaller than a proportional decrease
would suggest, which probably results from updating after receiving feedback. How-
ever, the feedback is not sufficient to close the gap between the two treatments. Feed-
back in the experiment is timely and unambiguous. Overconfidence might be even
more persistent in real-world settings, where feedback is delayed or performance is
affected by chance. The expected income in the random group is again almost exactly
in line with the expected value of the lottery.
Overall, we confirm that the manipulation of income expectations is successful.

Participants in the easy treatment expect significantly higher income at the beginning
of the experiment than participants in the hard treatment. The difference decreases
but persists throughout the experiment.

3.2 Actual Income and Overconfidence

The hard treatment proves to be harder in terms of quiz difficulty, as participants on
average answer 5.9 of 20 questions correctly, while in the easy treatment they answer
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TABLE 3

Overconfident Income Expectations

Panel A: Overconfidence n Mean Std. dev. 5p 95p p-value

All participants 252 0.03 3.05 −5 5 0.89
Easy treatment 88 0.67 3.02 −4 6 0.04
Hard treatment 84 −0.52 2.74 −5 3 0.08
Random group 80 −0.10 3.27 −5 5 0.79
Easy − hard 1.19 <0.01

Panel B: Overconfidence 2 n Mean Std. dev. 5p 95p p-value

All participants 218 −0.13 1.95 −3 3 0.33
Easy treatment 76 0.05 1.79 −3 4 0.80
Hard treatment 73 −0.26 1.82 −3 3 0.23
Random group 69 −0.19 2.24 −4 3 0.49
Easy − hard 0.31 0.29

Note: The table shows summary statistics of overconfidence variables for the full sample of participants and by treatment group. Overcon-
fidence is the difference between the income expectations at the beginning of the experiment and the actual income from both income tasks
(Panel A). Overconfidence 2 is the difference between the income expectations before market stage 2 and the actual income from the second
income task (Panel B). The table reports the number of observations, the mean, standard deviation, the 5th percentile, and the 95th percentile
for both overconfidence variables. Differences in number of observations are due to the exclusion restriction and nonresponses. Easy − hard
is the difference between overconfidence in the easy treatment and overconfidence in the hard treatment. The p-values of a two-sided t-test
are reported, testing for a zero mean or a zero between-group difference, respectively.

14.7 questions correctly. In this respect, participants’ expectations about quiz diffi-
culty induced by the sample questions are confirmed in the income tasks. However,
as incentives are based on relative performance, the average actual income does not
differ between the treatment groups. It amounts to €6 in all treatment groups. As a
consequence, the income expectations in the easy treatment group are on average too
high and in the hard treatment group too low. This has been explained by egocen-
trism in comparative judgments (Kruger 1999): people tend to think more about their
own performance than about how difficult the task will be for other participants. A
simple measure for individual overconfidence is the difference between income ex-
pectations and income realizations. As we elicit income expectations twice, we can
likewise calculate two overconfidence variables. We label these variables overconfi-
dence and overconfidence 2.
Average overconfidence in the full sample is 0.03 and not significantly different

from zero (overconfidence 2 = −0.13, see Table 3). Thus, there is no general ten-
dency to expect too high income in the experiment. However, there are large treatment
differences resulting from the differences in income expectations. Panel A of Table 3
shows the results by treatment group and the difference between the easy treatment
and the hard treatment. Participants in the easy treatment are on average overconfi-
dent about their income, while participants in the hard treatment are underconfident.
The difference amounts to 1.19 and is statistically significant (p < 0.01).
After receiving feedback, income expectations become more realistic and over-

confidence goes down (Panel B). There still remains a difference between treatment
groups, which is no longer statistically significant (p = 0.29). While the differences
in overconfidence on group level are induced exogenously by the experimental de-
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sign, we also observe considerable heterogeneity within treatment. This supports the
view of overconfidence as an individual trait. However, we do not find strong associ-
ations between overconfidence and other observables like age or gender (see Online
Appendix Table E.6).We find Pearson correlations between overconfidence and over-
confidence 2 of 0.55. In Section 3.4, we will further investigate the consequences of
overconfidence beyond the treatment effect.

3.3 Consumption and Debt Taking

We next examine the consumption decisions in the market stage. Participants are
active in the markets and spend on average €3.94 in the first market, €1.40 in the sec-
ond market, and €0.97 in the final market. Only 20% of participants spend less than
the minimum income of €2 in round 1. This means that the offered products reason-
ably appeal to participants and the market rules are understood. The expenditures are
highest in the first market, presumably because prices are lowest and participants are
still unrestricted by their actual income. Their debt limit corresponds to the maximum
possible income.
Importantly, the consumption in the first market is identical to the debt taken out, as

participants have not yet earned any income. Panel A of Table 4 shows the debt level of
participants after each of the threemarkets. The average debt level decreases over time
as participants repay their debt from the earned income they receive before markets 2
and 3. There is some new borrowing in market 2 as participants who have not maxed
out their credit line can take out additional debt (no new debt is possible in market
three). The debt level after market 3 corresponds to the final debt that participants are
unable to repay from their income. We find that 38% of participants have final debt,
which is deducted from their show-up fee.11 The table further shows that participants
on average do not spend their entire expected income. At least part of this can be
explained by a cautionary motive, as income is uncertain. Such caution is in line with
our premise that participants are unwilling to dig into their show-up fee.
Table 4 shows in Panels B–D the borrowing behavior in the different treatment

groups. In line with their higher income expectations, participants borrow most in the
easy treatment and least in the hard treatment. The differences decrease over time, as
the experimental design allows participants to adjust their spending to their actual
income, but remain visible until the end of the experiment. This is a first indication
of the treatment effect on borrowing behavior.
We study the effect now more formally in a regression framework. Table 5 shows

the results of debt variables regressed on treatment indicators. In column (1), the de-
pendent variable is the initial debt from consumption in market 1. Coefficients have
a natural interpretation in terms of euro. Participants in the easy treatment spend 73

11. The counterpart to leaving the experiment with debt is leaving it with unspent income, which is
forfeited after the last market stage ends. However, as the cheapest product in the final market costs€1.20,
we consider it only unreasonable if participants leave more than €1.20 on the table (under the assumption
that products have positive utility). Such high unspent income is observed for only 3% of participants. As
our focus is on debt, we will not discuss this issue further.
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TABLE 4

Borrowing Behavior

Panel A: All participants n Mean Std. dev. 5p 95p

Debt after market 1 252 3.94 2.30 0 8.53
Debt after market 2 252 2.44 1.97 0 5.99
Debt after market 3 252 0.67 1.30 0 3.96
New debt market 2 252 1.39 1.62 0 4.51
Unspent income after market 3 252 0.41 0.93 0 1.12
Expected income − debt 252 2.17 2.60 −1.98 6.44

Panel B: Easy treatment n Mean Std. dev. 5p 95p

Debt after market 1 88 4.23 2.42 0 8.54
Debt after market 2 88 2.72 2.00 0 5.99
Debt after market 3 88 0.85 1.41 0 3.98

Panel C: Hard treatment n Mean Std. dev. 5p 95p

Debt after market 1 84 3.50 2.38 0 7.93
Debt after market 2 84 2.12 1.90 0 5.78
Debt after market 3 84 0.49 1.09 0 2.97

Panel D: Random group n Mean Std. dev. 5p 95p

Debt after market 1 80 4.10 2.03 0.93 8.09
Debt after market 2 80 2.44 2.00 0 6.40
Debt after market 3 80 0.65 1.37 0 4.36

Note: The table shows in Panel A summary statistics for the debt level of participants after each of the three market stages. Debt after market
1 is the amount in euro that participants spend of their maximum initial credit of €10. Debt after market 2 is the debt amount in euro after the
first income is added and the second round of spending subtracted (in case of a positive account balance, debt is zero). Debt after market 3 is
the debt amount in euro after the second income is added and the final round of spending subtracted. This is also referred to as “final debt” (in
case of a positive account balance, debt is zero). Panel A further shows new debt taken out in the second market, which is additional credit
taken out that was not used so far. Unspent income after market 3 is any positive account balance after the final round of spending (in case
of debt, unspent income is zero). Expected income – debt is the difference between income expectations and debt after market 1. Panels B–D
show the debt levels separately for the two treatment groups and the random group. The table reports the number of observations, the mean,
standard deviation, the 5th percentile, and the 95th percentile.

TABLE 5

Debt Taking and Treatment Effect

Debt after market 1 Debt after market 2 Final debt Has debt
(1) (2) (3) (4)

Easy treatment 0.728** 0.600** 0.361* 0.111
(0.366) (0.297) (0.192) (0.073)

Random group 0.592* 0.313 0.169 0.028
(0.345) (0.305) (0.194) (0.074)

Constant 3.501*** 2.128*** 0.489*** 0.310***
(0.259) (0.208) (0.119) (0.051)

R2 0.019 0.016 0.013 0.010
Observations 252 252 252 252

Note: The table shows results of regressions of debt-taking variables on treatment indicators. Columns (1)–(3) show results of OLS regressions
with the debt level after each market stage as the dependent variable. Debt after market 1 is the amount in euro that participants spend of their
maximum initial credit of €10. Debt after market 2 is the debt amount in euro after the first income is added and the second round of spending
subtracted. Final debt is the debt amount in euro after the second income is added and the final round of spending subtracted. Column (4)
shows a linear probability model with a binary variable whether a participant has debt at the end of the experiment (final debt > 0) as the
dependent variable. Independent variables are treatment indicators with the hard treatment as the omitted category. Coefficients are significant
at ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01; robust standard errors are shown in parentheses.
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cents more than participants in the hard treatment (omitted category), while partic-
ipants in the random group spend 59 cents more. Given a baseline consumption of
€3.50, the treatment effects are economically and statistically significant. The differ-
ence between the hard treatment and the random group, however, is only statistically
significant at the 10% level.
Columns (2) and (3) show how the treatment effect evolves throughout the exper-

iment. As already evident from the descriptive statistics, the effect decreases, but it
remains at least marginally significant until the end of the experiment. This decline is
expected as participants receive feedback about their income, and the erroneous in-
come expectations induced by the treatments are gradually corrected. They can also
reduce consumption in later markets. In fact, they can stop consumption altogether,
an option that real debtors usually do not have. Nevertheless, participants in the easy
treatment are consistently more indebted than those in the hard treatment. This means
that they are not able to make up for their initial overspending completely and remain
in debt.
It is worth noting that the difference in initial borrowing is smaller than the differ-

ence in income expectations (see Figure 2). Participants with high income expecta-
tions spend proportionally less of their expected income. One reason might be risk
aversion, as the risk to fall short of their expected income is higher for these par-
ticipants. Another reason might be decreasing marginal utility of consumption. In-
terestingly, this finding reverses after market 2: the between-treatment differences in
debt levels are now larger than the differences in income expectations for the second
income task. This suggests that income expectations adjust more quickly than debt
levels can, a problem that seems relevant for real life debt as well.
Column (4) of Table 5 reports results of a linear probability model with a binary

variable whether participants have debt at the end of the experiment (final debt > 0)
as the dependent variable. The results suggest that participants in the easy treatment
are about 11% more likely to have debt at the end of the experiment. This effect on
the extensive margin of indebtedness, however, is not statistically significant.
To sum up, we conclude that the treatment has a significant and persistent causal

effect on the borrowing behavior of participants in the experiment. Participants in
the easy treatment borrow more initially and have higher debt levels throughout the
experiment. We find that the treatment effect operates more strongly on the intensive
margin than on the extensive margin of debt taking. These results show the causal
effect of our experimental intervention and the coefficients should be interpreted as
intention-to-treat (ITT) estimates. As all other factors are held constant in the lab
setting, we can attribute the difference in debt levels to the treatment. As we are
ultimately interested in the effect of overconfidence on borrowing, we will use an IV
strategy to estimate the local average treatment effect (LATE) in the next section.

3.4 Mechanism

In this subsection, we examine the mechanisms that drive the treatment effect on
indebtedness. The main variables of interest are income expectations and overconfi-
dence, as these were intended to be manipulated by the treatment. First, we conduct



ANTONIA GROHMANN ET AL. : 19

TABLE 6

Indebtedness over the Course of the Experiment (OLS)

Debt after market 1 Debt after market 2 Final debt Has debt

(1) (2) (3) (4) (5) (6) (7) (8)

Expectations 0.240** 0.277*** 0.113** 0.029
(0.093) (0.082) (0.053) (0.019)

Overconfidence 0.077 0.176*** 0.184*** 0.075***
(0.047) (0.040) (0.029) (0.009)

Female −0.821*** −0.917*** −0.388 −0.506** −0.294* −0.351** −0.096 −0.113*
(0.314) (0.314) (0.246) (0.242) (0.175) (0.156) (0.068) (0.058)

Age −0.002 0.004 0.008 0.014 0.002 0.002 −0.006 −0.006
(0.046) (0.045) (0.041) (0.039) (0.025) (0.023) (0.009) (0.008)

Bachelor 0.027 0.076 −0.296 −0.230 −0.189 −0.150 −0.053 −0.040
(0.385) (0.386) (0.310) (0.303) (0.202) (0.183) (0.087) (0.077)

Masters 0.373 0.357 0.627 0.603 0.467 0.451 0.207 0.201
(0.919) (0.919) (0.736) (0.716) (0.418) (0.386) (0.164) (0.152)

Works 0.062 0.157 −0.191 −0.108 0.011 0.010 −0.051 −0.059
(0.324) (0.333) (0.263) (0.260) (0.180) (0.158) (0.070) (0.061)

Log of income −0.102 −0.096 −0.102 −0.131 −0.051 −0.107 0.025 −0.000
(0.141) (0.145) (0.102) (0.103) (0.076) (0.074) (0.024) (0.022)

Financial literacy 0.193* 0.186* 0.217*** 0.239*** 0.039 0.086 −0.009 0.012
(0.111) (0.112) (0.083) (0.085) (0.061) (0.061) (0.022) (0.020)

Risk tolerance 0.015 0.027 0.013 0.022 0.033 0.030 0.001 −0.001
(choices) (0.031) (0.031) (0.029) (0.027) (0.025) (0.021) (0.007) (0.006)
Risk tolerance 0.085 0.114 0.105* 0.134** −0.033 −0.027 −0.001 −0.001
(self−assessed) (0.078) (0.078) (0.061) (0.060) (0.039) (0.034) (0.016) (0.014)
Self control 0.075 0.063 −0.012 −0.016 −0.079 −0.067 −0.013 −0.006

(0.142) (0.143) (0.113) (0.112) (0.067) (0.061) (0.029) (0.027)
Constant 1.918 2.998** −0.333 1.088 0.008 0.807 0.256 0.515**

(1.426) (1.390) (1.109) (1.086) (0.647) (0.659) (0.273) (0.244)
R2 0.14 0.12 0.16 0.18 0.08 0.25 0.04 0.25
Observations 248 248 248 248 248 248 248 248

Note: The table shows results of OLS regressions of the debt level after market 1, 2, and at the end of the experiment on income expectations
and overconfidence. Debt is the amount in euro that participants spend of their maximum initial credit of €10. Income expectations is the
expected income in euro from both income tasks. Overconfidence is the difference between the expected income and the actual income.
Coefficients are significant at ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01; robust standard errors are shown in parentheses.

analyses of their total effect using ordinary least squares (OLS) regressions. Here,
we regress the debt level on income expectations and overconfidence, acknowledging
that these variables are not exogenous. They in part represent individual differences
that create variation also within treatment. While endogenous, it is still interesting to
explore, whether the within-treatment variation aligns with the treatment effect.
Second, we employ an IV approach, in which we instrument overconfidence with

the treatment assignment. Here, we study the causal effect by exploiting only exper-
imentally induced variation in overconfidence.

3.4.1 OLS regressions. Table 6 shows OLS regressions with debt levels after the first
market, second market, and at the end of the experiment as dependent variables. We
also examine the propensity to remain in debt at the end of the experiment as addi-
tional dependent variable. The dependent variables are regressed on income expec-
tations and overconfidence as defined above. We include a range of control variables
to account for observable differences between participants.
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Column (1) shows that income expectations are a strong predictor for debt levels
after the first market. For each additional expected euro of income, participants take
out 24 cents more debt. While the expectations coefficient is similarly strong after the
second market, the impact of expectations on final debt reduces to 11 cents, as can
be seen in columns (3) and (5). For overconfidence, we observe the opposite pattern.
While the impact of overconfidence on initial debt levels is insignificant (see column
(2)), it strongly predicts debt levels and remaining in debt later in the experiment
(see columns (4), (6), and (8)). We can use the OLS results for comparison with the
GSOEP results as the regression specifications are similar. In particular, “has debt”
is also a binary variable as are the outcome variables in the GSOEP. A one standard
deviation increase in overconfidence corresponds to a 0.22 (22% point) increase in
the probability to end the experiment in debt. Unsurprisingly, the effect size in the
experiment is much larger than in the survey. One reason is that overconfident in-
come expectations have direct consequences for spending and debt-taking behavior
in the experiment, while GSOEP questions elicit generic overconfidence that is in-
consequential for income.
The results suggest that individuals with high income expectations initially bor-

row more, but that for some of them high expectations are backed by actual income.
Overconfidence zooms in on those participants who have unrealistically high income
expectations. They are the ones who have a high risk to stay in debt and to become
overindebted. Table E.7 in the Online Appendix shows that this is particularly true
for participants who remain overconfident regarding the second income task despite
receiving feedback (Overconfidence 2).

3.4.2 IV strategy and results. We now use an instrumental variable strategy with the
random treatment assignment as instrument. We follow previous research that has
used instrumental variables created in laboratory environments to study the causal
effect of beliefs on actions (e.g., Costa-Gomes, Huck, and Weizsäcker 2014).
The estimation strategy is based on a two-stage least squares estimation, in which

we use the treatment indicators as an excluded instrument. In the first stage, we esti-
mate:

overconfidencei = α0 + α1Ti + α2Xi + εi, (1)

where overconfidencei is the difference between income expectations before round
1 and total payout (as defined before). Ti is the treatment indicator and Xi is a set of
control variables. In the second stage, we estimate:

debti = β0 + β1 ̂overconfidencei + β2Xi + εi, (2)

where debti are the debt levels after round 1, 2, and at the end of the experiment,
respectively, and ̂overconfidencei are predicted values of overconfidence from the
first stage. Hence, in the IV estimation, we only use exogenous variation in over-
confidence. The variation in overconfidence is induced in the treatments by shifting
income expectation since the average payout does not vary across treatments.
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We restrict the analysis to participants in the easy and hard treatment to adhere
to the monotonicity assumption of IV.12 The exclusion restriction requires the as-
sumption that the treatment affects the consumption decision only through income
expectations. As the treatment is assigned randomly and everything else is held con-
stant as part of the experiment, we consider it credible that the exclusion restriction
holds. Using the language of heterogeneous treatment effects, we can interpret the
IV estimates as LATE for the compliers (Imbens and Angrist 1994, Angrist and Pis-
chke 2009). Compliers are those participants whose confidence is shifted due to the
treatment variation, where more weight is given to participants whose confidence
responds the most to the treatment variation.
In Table 7, we show results of IV regressions with debt levels after market 1, mar-

ket 2, and at the end of the experiment, as well as the propensity to remain in debt, as
dependent variables. The table shows the impact of instrumented overconfidence on
these variables with and without control variables. Column (2) shows that for each
euro of too high expected income, participants borrow 52 cents more in market 1.
After receiving feedback over the course of the experiment, they scale back on bor-
rowing. However, the effect of overconfidence on final debt is still sizable at 32 cents
per euro of too high expected income and statistically significant (column (6)).
Moreover, we find that overconfidence has a positive effect on the propensity to

remain in debt at the end of the experiment. Overconfident income expectations in-
crease the likelihood that participants are unable to repay their debt by 12 percentage
points (per €) in the IV results. We thus observe a positive effect of overconfidence on
the intensive and extensive margin of overindebtedness (the effect on debt levels also
holds when restricting to participants with positive debt, see Online Appendix E).
The results have to be viewed in light of a relatively weak first stage with an F-

statistic below 10. We follow recommendations of the literature on weak IVs and
report Anderson-Rubin (AR) p-values for the null that the overconfidence coefficient
equals zero (Andrews, Stock, and Sun 2019).13 However, inference based on the AR
p-values leads to qualitatively similar results.
We observe that the IV estimates are larger than the OLS estimates reported in

Table 6. Interpreting the IV estimates as LATEs, the results suggest that the nexus
between overconfidence and overborrowing is stronger for those individuals whose
income expectations respond more to the treatment variation.14 As the IV estimations

12. The monotonicity assumption requires that the treatment moves income expectations unequivo-
cally upwards or downwards (Angrist and Pischke 2009). While this assumption is likely fulfilled for the
easy compared to the hard treatment, it is less clear for the random group compared to the easy and hard
quiz treatments. In Table E.1, we reproduce Table 5 including only the easy and hard treatment (with and
without controls). This specification constitutes the reduced form of the IV specification.

13. Moreira (2009) has shown that in the single-instrument case, the AR test is uniformly most accu-
rate unbiased. In the single-instrument case, the AR t-statistic coincides with the associated t-statistic of
the instrument in the reduced-form regression (Angrist and Kolesár 2024). This can be easily verified by
comparing the p-value in square brackets with the statistical significance of the reduced-form coefficients
in Table E.1.

14. An alternative interpretation for the difference in the IV and the OLS results is that income expec-
tations are measured with error and that this measurement error leads to attenuation bias in the OLS esti-
mates.
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TABLE 7

Indebtedness over the Course of the Experiment (IV)

Panel A: Second stage

Debt after market 1 Debt after market 2 Final debt Has debt

(1) (2) (3) (4) (5) (6) (7) (8)

Overconfidence 0.609** 0.515* 0.502** 0.426* 0.303* 0.318** 0.093 0.118*
(0.366) (0.346) (0.282) (0.258) (0.157) (0.149) (0.057) (0.060)

Female −1.111** −0.522 −0.252 −0.091
(0.460) (0.334) (0.210) (0.075)

Age −0.003 −0.019 −0.012 −0.013
(0.080) (0.054) (0.032) (0.014)

Bachelor 0.182 −0.072 −0.037 −0.013
(0.649) (0.446) (0.251) (0.107)

Masters −0.090 0.332 0.054 0.102
(1.760) (1.007) (0.510) (0.260)

Works 0.569 0.415 0.249 0.010
(0.518) (0.364) (0.206) (0.081)

Log of income −0.281 −0.387* −0.273** −0.066
(0.281) (0.212) (0.136) (0.053)

Financial literacy 0.331 0.355** 0.116 0.034
(0.226) (0.152) (0.103) (0.037)

Risk tolerance 0.014 0.012 0.043** −0.002
(choices) (0.040) (0.028) (0.020) (0.007)
Risk tolerance 0.018 0.078 −0.036 −0.002
(self-assessed) (0.122) (0.088) (0.044) (0.018)
Self control 0.111 0.064 0.036 −0.005

(0.200) (0.141) (0.072) (0.035)
Constant 3.821*** 4.003* 2.391*** 2.984** 0.647*** 1.784** 0.358*** 0.952***

(0.218) (2.076) (0.168) (1.411) (0.093) (0.817) (0.035) (0.337)
AR p-value 0.048 0.083 0.045 0.079 0.060 0.040 0.131 0.069
Observations 172 168 172 168 172 168 172 168

Panel B: First stage

Easy 1.194*** 1.190** 1.194*** 1.190** 1.194*** 1.190** 1.194*** 1.190**
(0.440) (0.467) (0.440) (0.467) (0.440) (0.467) (0.440) (0.467)

Control variables No Yes No Yes No Yes No Yes
1st stage F 7.37 6.50 7.37 6.50 7.37 6.50 7.37 6.50
Observations 172 168 172 168 172 168 172 168

Note: The table shows results of IV regressions of the debt level after market 1, 2, and at the end of the experiment on overconfidence. Debt
is the amount in euro that participants use of their maximum initial credit of €10. Overconfidence is the difference between the expected
income and the actual income. Panel A shows results for the second stage of the IV-regressions. Panel B shows results for the first stage.
Coefficients are significant at ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Robust standard errors are shown in parentheses. AR p-values indicate
Anderson–Rubin p-values shown at the bottom of Panel A. First-stage F is the F-statistic of the first stage.

only use exogenous variation in overconfidence, the results differ from Table 6 that
includes within-treatment variation in income expectations. However, in both cases,
we find a statistically significant effect of overconfidence on debt taking at the end of
the experiment.
We consider final debt the most relevant outcome variable since we assume that

subjects plan to repay their debt over the course of the experiment and that staying
in debt at the end of the experiment is unintended (resembling overindebtedness).
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Several observations support this assumption: first, we ask people in the postexper-
imental questionnaire whether they would prefer to receive additional income in
cash or in products at prices of the first market. Only 15% respond that they would
prefer the products, which suggests that the vast majority intends to consume only
the income that is not convertible to cash.15 Second, we rarely see participants spend
more than their expected income (19% in the first market). This strongly suggests
that most participants do not intend to spend more than they earn in the income tasks.
The reported results are robust to the exclusion of either group.

4. ROBUSTNESS

A concern with the registered experiment is that the artificially low prices may
provoke borrowing behavior that otherwise would be absent. First, people with low
income expectations may borrow a lot in the first market, simply because products
are cheap and they do not mind having their cash reward reduced in exchange for the
cheap products. Second, at low prices, participants are able to buy large quantities of
the offered products. Participants with high income expectations may therefore reach
the point of satiation before they have spent as much as they expect to earn. Both
effects would reduce the sensitivity of consumption behavior to income expectations
and thus work against our results. However, they should not introduce systematic
variation between treatments.
Nevertheless, we conduct a replication of the experiment in which we eliminate

the low price levels. In this version, prices in the first market stage correspond to
the retail prices of the products. Prices in the second market stage are 40% higher
and in the final market stage 80% higher than the retail price. We keep the ascend-
ing price profile to provide an incentive for early borrowing. Otherwise the optimal
course of action would simply be to wait with consumption until realized income is
revealed. The robustness experiment was conducted in July 2018 in the experimental
laboratory of the TU Berlin, excluding subjects who had participated in the main ex-
periment. We run 10 sessions with a total of 219 participants; descriptive statistics on
the participants can be found in Online Appendix F. As in the main experiment, we
exclude participants with insufficient understanding of the experimental instructions
and remain with a final sample of 193 participants.
Panel A of Table 8 shows income expectations and overconfidence of participants

regressed on treatment indicators. We find that the manipulation of income expecta-
tions by the treatment works less well in this sample compared to the sample in the
main experiment. Participants in the easy treatment expect to earn 57 cents more, but
the gap between the easy and the hard treatment is much smaller than in the main

15. In addition, the lab is an experimental economics lab in which cash incentives are the norm. People,
who are responsive to cash incentives, self-select into the subject pool. In Online Appendix E, we show
results excluding the group of participants who prefer the products over the cash payout. In Section 4, we
discuss a robustness test with prices at or above retail prices.
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TABLE 8

Robustness Test of Treatment Effects

Panel A: Expectations Income Expectations Income Expectations 2 Overconfidence Overconfidence 2
(1) (2) (3) (4)

Easy treatment 0.569* 0.167 0.515 0.097
(0.305) (0.219) (0.485) (0.312)

Random group 0.064 −0.222 0.016 −0.094
(0.309) (0.220) (0.506) (0.386)

Constant 5.732*** 2.915*** −0.282 −0.028
(0.237) (0.149) (0.352) (0.258)

R2 0.02 0.01 0.01 0.00
Observations 193 193 193 193

Panel B: Debt taking Debt after market 1 Debt after market 2 Final debt Has Debt
(1) (2) (3) (4)

Easy treatment 0.367 0.427 0.046 0.019
(0.406) (0.346) (0.289) (0.079)

Random group −0.482 −0.522 −0.464** −0.079
(0.400) (0.319) (0.235) (0.083)

Constant 3.842*** 2.243*** 0.818*** 0.324***
(0.283) (0.254) (0.201) (0.056)

R2 0.02 0.04 0.02 0.01
Observations 193 193 193 193

Note: The table shows in Panel A, OLS regression results for income expectations and overconfidence. Income expectations are the income
expectations in euro at the beginning of the experiment for both income tasks, and income expectations 2 are the income expectations in euro
for the second income task. Overconfidence is the difference between the income expectations at the beginning of the experiment and the
actual income from both income tasks, and overconfidence 2 is the difference between income expectations 2 and the actual income from the
second income task. Independent variables are treatment dummies with the hard treatment as the omitted category. The table shows in Panel
B results of regressions of debt variables on treatment dummies. Columns (1)–(3) show results of OLS regressions with the debt level after
each market as the dependent variable. Debt after market 1 is the amount in euro that participants spend of their maximum initial credit of
€10. Debt after market 2 is the debt amount in euro after the first income is added and the second round of spending subtracted. Final debt is
the debt amount in euro after the second income is added and the final round of spending subtracted. Column (4) shows marginal effects of a
probit regression with a binary variable whether a participant has debt at the end of the experiment (final debt > 0) as the dependent variable.
Independent variables are treatment dummies with the hard treatment as the omitted category. Coefficients are significant at ∗ p < 0.10,∗∗ p < 0.05, ∗∗∗ p < 0.01; robust standard errors are shown in parentheses.

experiment and only marginally significant. While standard deviations remain un-
changed, Cohen’s d decreases from 0.59 to 0.31, which is 53% of the original effect
size. Treatment differences in overconfidence do not obtain significance. As in the
main experiment, differences are further reduced after feedback on income is ob-
tained.
We next examine whether debt-taking behavior changes in the high-price condi-

tion. Participants borrow €3.86 on average in the first market, have debt levels of
€2.16 in the second market, and €0.72 in the final market. This is very similar com-
pared to the main experiment (all p>0.30), but as prices are considerably higher,
participants purchase far fewer products in this condition. Participants again spend
less than their expected income, as it is particularly undesirable to pay for the expen-
sive products out of the cash reward. Only 5% state in the high price condition that
they would prefer the goods over cash. Nevertheless, 31% remain in debt at the end
of the experiment compared to 36% in the main experiment.
Given the small treatment differences in expectations, it is unlikely to find a strong

treatment effect on borrowing behavior. Panel B of Table 8 confirms this by showing
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TABLE 9

Robustness Test of Overconfidence and Borrowing Behavior

Debt after market 1 Debt after market 2 Final debt Has debt

(1) (2) (3) (4) (5) (6) (7) (8)

Expectations 0.258** 0.252*** 0.125 0.009
(0.112) (0.094) (0.081) (0.019)

Overconfidence 0.088 0.237*** 0.272*** 0.077***
(0.071) (0.058) (0.051) (0.010)

Constant 2.322*** 3.866*** 0.771 2.291*** −0.027 0.740*** 0.258** 0.317***
(0.660) (0.169) (0.555) (0.133) (0.450) (0.101) (0.118) (0.030)

R2 0.04 0.01 0.05 0.12 0.02 0.24 0.00 0.22
Observations 193 193 193 193 193 193 193 193

Note: The table shows results of OLS regressions with debt levels after market stage 1, 2 and at the end of the experiment as the dependent
variable. Income expectations is the expected income in euro for the two income tasks. Overconfidence is the difference between the expected
income and the actual income. Easy treatment and control group are indicator variables for the respective treatment (with the hard treatment
as the omitted category). Coefficients are significant at ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01; robust standard errors are shown in parentheses.

results for debt levels of participants in analogy to Table 5.We observe positive effects
of the easy treatment on indebtedness, but coefficients are smaller than in the main
experiment and not statistically significant. The effect size of the treatment effect on
debt after market 1 (d = 0.15) is 50% of the effect size in the main experiment (d =
0.30). The reduction in effect size is proportional to the reduction in effect size in the
income expectation manipulation. This is exactly what one would expect if there was
a true link between income expectations and debt taking. We further find a negative
effect for the random group. It is possible that participants in the random group do
not want to consume at high prices given the risk of the income lottery.
To determine whether direct effects of income expectations and overconfidence

hold despite the weak treatment manipulation, we analyze the impact of expectations
and overconfidence on debt levels throughout the experiment (see Table 9). As there
is no significant effect of the manipulation on overconfidence, we are unable to use an
IV strategy in these regressions and use the OLS specification instead. We find a sim-
ilar relationship between income expectations and initial debt taking as in the main
experiment (columns (1) and (3)). As before, overconfidence becomes more impor-
tant in the later stages of the experiment, in particular for final debt (columns (4) and
(6)), and the likelihood to remain in debt (column (8)). The regression coefficients for
overconfidence are larger than in the main experiment and strongly significant. Thus,
based on correlational evidence, we can confirm income expectations and overconfi-
dence as predictors of borrowing behavior.
Since our treatment manipulation is not as powerful in the second experiment, we

cannot fully replicate the results of the first experiment. We find that effect sizes in
contemporaneous economic studies that build on the hard–easy effect are in general
less strong than in the original psychology experiments (see Online Appendix D).
While this can be partly attributed to publication bias, the file drawer problem, or a
regression effect (Fiedler and Prager 2018, Camerer, Dreber, and Johannesson 2019),
other factors such as subtle differences in designmay also contribute.We elicit beliefs
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about ranks and income expectations based on sample questions before participants
take the actual quizzes. The timing was intentional as it more accurately reflects ex-
pectations of future income, but it might increase uncertainty about performance and
lead to a less distinct treatment effect. Recent studies that also elicit beliefs before the
task tend to have weaker effect sizes (Klühs, Koch, and Stein 2019, Bruhin, Petros,
and Santos-Pinto 2022).
An additional complication arises from translating beliefs about relative perfor-

mance into income expectations. Relative ranks in the quiz task directly determine
income and the correlation between elicited rank beliefs and income expectations is
0.7. At the same time, the treatment effect is stronger for rank beliefs than for income
expectations. Apparently, the hard–easy manipulation loses strength when partici-
pants have to take an additional cognitive step to arrive at income expectations (even
though we test in the comprehension check whether they understand the relation be-
tween rank and income).
While the above considerations are relevant for both experiments and do not specif-

ically explain the weaker effect in the robustness experiment, a lower initial effect
size and significance will typically also reduce replicability (Camerer, Dreber, and
Johannesson 2019, Davis et al. 2023). We perform a post hoc power analysis using
data from the main experiment that reveals 94% power to find a hard–easy effect at
5% significance in the robustness experiment (actual p = 0.06). We interpret the re-
sult as a false negative, as the hard–easy effect has been replicated many times and
usually produces strong results. The confidence interval for the effect size in the ro-
bustness experiment is [−0.02, 0.64], which includes zero but also the effect size in
the main experiment (d= 0.59) and similar recent economic experiments (see Online
Appendix Table D.2).
The change in the price structure cannot be responsible for the weaker hard–easy

effect, as income expectations are submitted before participants learn about prices
in the market stage. The instructions, the income task, and the treatments remained
the same. Variation in the subject pool across the semester may contribute to the
difference in results given that the robustness experiment was conducted at the very
end of the semester (Ebersole et al. 2016), but we do not find evidence for lower
attention or motivation.16 We finally consider a contamination of the subject pool, as
unbeknownst to us. Dargnies, Hakimov, and Kübler (2019) and Barron and Gravert
(2022) use a hard–easy design in the same laboratory and prior to the robustness
experiment, although the overlap in participants is unknown.
We conclude that the low realization of the effect size for the hard–easy manip-

ulation in the robustness experiment is most likely due to chance. This in itself is
unproblematic, as the aim of our experiment was not to make a claim about the ex-
istence of the hard–easy effect. However, it is unfortunate for our ability to derive a
treatment effect on borrowing. Stroebe (2019) points out that replications can techni-

16. The exclusion rate for failing the comprehension test is 12% in both experiments, the quiz perfor-
mance is very similar, and participants translate rank beliefs into income expectations equally well.
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cally fail if researchers’ auxiliary hypotheses are not met, which does not invalidate
the underlying theory of interest. We thus emphasize the very stable correlational
results across both experiments and the similar debt-taking behavior.
By running a robustness experiment, we contribute to the literature that evaluates

the replicability of experimental findings. Camerer et al. (2016) find that a consider-
able fraction of results in experimental economics do not replicate. Internal replica-
tion efforts within original studies can be a remedy. They can also pinpoint reasons
for limited replication success more clearly than large-scale replication efforts (Chen,
Chen, and Riyanto 2021). A downside to internal replications could be an author bias
to confirm initial findings, as chances for publication are reduced if a replication is
unsuccessful (Christensen and Miguel 2018). In our case, a failure to replicate the
main effect would have undermined the relevance of overconfident income expecta-
tions for debt taking. The failure to replicate the belief manipulation is less severe, but
still does not deliver the intended robustness. On the other hand, external replications
battle the opposite problem of an “overturn bias,” as replications that confirm initial
results are less publishable (Galiani, Gertler, and Romero 2017).

5. CONCLUSION

Household indebtedness is a problem in many countries and the fraction of house-
holds that have to be considered overindebted rises. Economic shocks and structural
changes in lending technology (Livshits, Mac Gee, and Tertilt 2016) as classic expla-
nations for overindebtedness can only partly explain the rising trend, as the overall
economic situation has been favorable in the 2010s. Little is known about behavioral
biases that may play a role in whether and how much debt people take.
In this paper, we examine a particular behavioral bias, overconfident income expec-

tations, and analyze how it influences borrowing behavior. We first provide evidence
for this using representative household survey data fromGermany. In the survey, over-
confidence is measured in domains, which are independent from income or debt lev-
els, but still show positive correlations with overdraft use, subjective debt burden, and
expected repayment ability.
We contribute to a literature finding that optimistic forecast errors predict debt tak-

ing (Souleles 2004, Hyytinen and Putkuri 2018, Cocco, Gomes, and Lopes 2021).
While these papers provide valuable insights, their results cannot be readily inter-
preted as causal. One reason is that there might be unobserved characteristics simul-
taneously affecting both the propensity to make a forecast error and borrowing be-
havior. Thus, we complement this literature by conducting a laboratory experiment,
in which we employ the reversed hard–easy gap (Kruger 1999, Burson, Larrick, and
Klayman 2006, Moore and Small 2007) to shift self-confidence and, thereby, beliefs
about future income in our setting.
In two treatments, we induce either overconfident or underconfident income ex-

pectations for income earned in two quiz tasks. We find that participants with higher
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income expectations consume more, take out more debt, and keep higher debt lev-
els throughout the experiment. In particular, overconfident participants run the risk
to stay in debt at the end of the experiment. Based on IV regressions, we claim that
these links are causal.
Overconfident income expectations might interact with other behavioral issues in

debt taking such as limited self-control and exponential growth bias. It might serve
as an early warning indicator, as overconfident expectations manifest itself long be-
fore indebtedness builds up. The findings are important for financial advice and debt
counseling, which may help consumers to obtain a more realistic picture of their debt
and repayment capacity.
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