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and my aunt Nagihan Atasoy.

Finally, I would like to thank my father, Erkan Özyılmaz, whom I did not get to share
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Abstract

Essays on Bounded Rationality in Repayments and Learning

by

Hakan Özyılmaz

This dissertation uses controlled experiments to understand why people fall short

of making rational decisions in simple financial decision-making situations, how we can

restore rationality through simple interventions, and how providing people with substan-

tial opportunities to learn about their environment might lead them away from making

rational decisions.

In the first chapter, joint with Guangli Zhang, we study the sources of suboptimal

allocations observed in credit card repayments using a diagnostic laboratory experiment.

We find that optimization ability and limited attention are jointly insufficient to explain

the puzzle. Moving beyond existing results, we find that the inherent negative frame

of the debt payment problem interferes with subjects’ ability to optimize and hinders

learning. We show that subjects predominantly rely on the irrelevant balance informa-

tion while forming their decisions, regardless of how vividly the balance information is

displayed. Using additional treatments, we find that the debt frame increases subjects’

focus on the irrelevant balance information.

In the second chapter, joint with Guangli Zhang, we study what type of interventions

would be effective in eliminating simple arbitrage failures in repayments. We construct a

simple repayment environment in the laboratory and test the role of a set of behavioral

mechanisms that would directly inform the design of consumer protection policies. We

find that providing salient interest rate disclosure has no effect while disclosing the interest

rate in a fee format has modest effects. On the other hand, providing an opportunity

ix



to purchase automated financial advice reveals that subjects are predominantly aware of

their choice inefficiencies and are relatively good at gauging the extent of their mistakes

and using financial advice. Our results suggest that promoting and subsidizing consumer

financial technology applications that provide automated financial advice would be a

substantially more effective way of protecting consumers from simple arbitrage failures

than conventional disclosure policies.

In the final chapter, I study how people learn about their environment when their

subjective understanding of the environment, their mental model, is misspecified. I use

people’s tendency to hold optimistic beliefs about their abilities to generate a significant

amount of model misspecification and investigate the implications of overconfidence as a

misspecified mental model on learning about own ability and a fundamental. Consistent

with the theoretical predictions, overconfident subjects develop pessimistic beliefs about

the fundamental and take growingly suboptimal actions. Inconsistent with the theoretical

predictions, I find endogenous feedback does not exacerbate the extent of suboptimal

behavior. Investigating how subjects learn about their own ability reveals that abundant

feedback ”weakens” misspecified mental models. The ”weakening” of mental models is

more pronounced with endogenous feedback and explains why endogenous feedback may

not exacerbate the extent of suboptimal behavior.
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Chapter 1

The Debt Payment Puzzle: An

Experimental Investigation

1.1 Introduction

Borrowing households frequently make decisions that appear inconsistent with mod-

els of rational choice. Recent examples include insufficient search effort while choosing

a mortgage contract, failure to refinance a mortgage contract when market conditions

improve, and borrowing on a higher interest rate credit card while there is available credit

limit on a lower interest rate credit card ((1), (2), (3)). Understanding the sources of sub-

optimal borrowing behavior is fundamental to developing informed consumer financial

protection policies and improving the descriptive success of boundedly rational models

of decision making.

In this paper, we use a diagnostic laboratory experiment to study how people make

financial decisions when the decision involves a debt frame. Specifically, we investigate

the debt payment puzzle where people pay down debt on a lower interest rate credit card
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The Debt Payment Puzzle: An Experimental Investigation Chapter 1

while forgoing the opportunity to pay down debt on a higher interest rate credit card.1

A distinct advantage of the debt payment problem over other “problematic” debt settings

is that the optimal payment rule is unambiguously determined without any assumption

on time and risk preferences.

Two recent studies, (3) and (4), show that the average credit card holder misallocates

50% of her payment to the card with lower interest rate and leaves a significant amount

of money on the table annually.2 Moreover, both studies show that suboptimal repay-

ments cannot be rationalized with various plausible explanations that can be tested with

observational data.3 Despite the strength and persistence of the evidence on suboptimal

repayments, it is still an open question why consumers behave inconsistently with the

presumption of welfare maximization.

This paper studies the potential sources of suboptimal credit card repayments. Specif-

ically, we design a diagnostic laboratory experiment that aims to answer what features

of the debt payment problem make it hard for consumers to solve correctly. There are

a number of potential explanations for this puzzling behavior. Two immediate explana-

tions are financial literacy and limited attention. Researchers in household finance have

1Consider a cardholder with revolving debt on two credit cards who cannot afford to pay off both
cards at the end of the month. The uniquely optimal rule would prescribe one pays the card with the
higher interest rate while making the minimum required payment on each card.

2This type of allocation decision is common and costly. 1) The revolving credit card debt reached $1.3-
trillion in the US in the last quarter of 2019, constituting almost 6% of the US GDP (NY Fed, Consumer
Credit Panel). 2) 61% of the Americans have at least one credit card and the average card holder has
four credit cards (according to the credit reporting agency Experian’s nationally representative data,
2019). 3) (4) calculate that 71.5% of credit card holders in the U.S. market have two or more cards, and
this group accounts for 91.8% of balances. Moreover, (4) find the average annual cost of misallocation
to be $85 for individuals who hold two cards and $325 for individuals who hold five cards. The authors
further document that the degree of misallocation does not decline in stakes: the cost of misallocation
at the 90th percentile rises from $218 in the two-card sample to $1,213 in the five-card sample.

3(3) document that the following explanations are at best able to account for small variations: 1)
Differences in due dates 2) Differences in the ease of payment 3) Differences in unobserved characteristics
4) Strategic manipulation of interest rates and credit limits. (4) show that the following explanations
do not account for the observed behavior: 1) Consumers face a fixed cost of optimization due to time,
psychological or cognitive costs. 2) Consumers learn over time to make correct payments but the cross-
sectional data masks this learning behavior.

2
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long emphasized the role of financial literacy ((5), (6)). It is plausible that consumers

who self-select into having revolving credit card debt are not sufficiently financially liter-

ate to optimally manage their repayments given the plethora of evidence linking financial

literacy and suboptimal household behavior ((7), (8)). The behavioral economics liter-

ature has emphasized the role of limited attention in consumer choice ((9), (10), (11),

(12)). In the context of credit card repayments, consumers might not know their interest

rates or even if they do, they might not remember what the rates are at the time of de-

cision making. A common feature of these explanations is that their identification often

requires more detailed information of consumers and their choice processes than what is

available in a typical administrative data set. However, developing informed consumer

financial protection policies and improving the descriptive success of boundedly ratio-

nal models of decision making crucially depend on identifying mechanisms that underlie

such puzzling repayment behavior.45 A controlled laboratory environment allows us to

circumvent the identification challenges faced by observational studies, and to study how

consumers make their allocations and how the quality of their decisions are affected by

their choice environment.

We begin our investigation by establishing suboptimal allocation behavior in an ex-

tremely simple decision environment where potential confounds that exist in the field

are minimized. Moreover, we show that suboptimization is not specific to people who

lack the skills to solve an optimization problem or the knowledge of their interest rates

at the time of decision making. We show that the share of optimal allocations in our

baseline treatment - where the decision environment captures the essential features of a

4(13) is an excellent reference on why people might not use readily available information to make
better decisions and the importance of mechanisms for developing descriptive theories of decision making.

5In particular, if consumers struggle with their repayments due to their inability to solve simple
optimization problems, this would necessitate promoting financial literacy education. On the other
hand, if consumers’ struggles are related to a lack of attention to their interest rates, this would make
the case for information disclosure policies. Indeed, the current policy debates regarding consumer
protection revolve around financial literacy education and information disclosures.

3
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typical online payment screen - is only 18.8% despite the fact that 82% of our subjects

can solve simple optimization problems and 93% of our subjects actively seek interest

rate information before making their decisions.6 Our findings clearly indicate that even

the combination of optimization ability and the knowledge of interest rates is insufficient

to explain this puzzle. We further show that subjects do not learn to make better de-

cisions nor do they respond to higher incentives, corroborating the findings of (3) and

(4). Finally, we show that allocation behavior causally moves with balance information.

Specifically, subjects allocate higher amounts to an account with higher balances with-

out regard to interest rate information - a finding that is consistent with the balance

matching heuristic documented in (4).

The fact that we are able to replicate the field findings in a tightly controlled environ-

ment with an algebraically sophisticated subject pool deepens this puzzle and urges us

to investigate mechanisms that underlie this suboptimal behavior. Although our baseline

findings suggest that people pay attention to interest rate information, psychology exper-

iments suggest that this might not be sufficient to make optimal allocations as choices are

influenced by salience of information; that is if one part of the environment attracts more

attention, then the information contained in that part is reflected more in the choices.

We move beyond existing findings by examining the role of information salience.

Specifically, we examine two potential channels that could affect the salience of interest

rate information: information vividness and framing. The reason that we focus on chan-

nels that revolve around salience is that it is an established cognitive mechanism that

guides choice behavior in various contexts ((14), (15)). Its applications in behavioral

economics have been particularly fruitful in capturing deviations from rational choice in

simple environments ((16), (17)).

6(3) find the share of optimal allocations to be approximately 15% among people who hold two
comparable credit cards using observational data. (4) find this rate to be 11.8% .

4
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A critical aspect of the credit card repayment environment is the predominant display

of balance information. A typical credit card statement or an online account displays

balance information more vividly than any other information. The vivid display of bal-

ance information might increase the salience of balance information, leading consumers

to form their allocation decisions by relying on irrelevant balance information. This

would indeed justify the suboptimality of allocations as irrelevant balance information is

incorporated into the decision process.7 Interestingly, our result suggests that subjects’

allocation decisions are not affected by the vividness of balance information. Compared

to our baseline treatment with vividly displayed balance information, maximizing the

vividness of interest rate information surprisingly has a null effect on the share of opti-

mal allocations.

Another way the salience mechanism might operate in the credit card repayment

environment is through the framing of the allocation problem. The credit card payment

environment is inherently a negative situation. Specifically, the balance information

indicates how much a person owes on an account – an amount that affects the welfare of

the decision maker negatively. Psychologists document that such inherent negativity of

a piece of information changes the amount of attention that information attracts ((18),

(19), (20)). If balance information attracts more differential attention due to its inherent

negativity, this creates another channel for the salience mechanism to interfere with the

decision process and lead to suboptimal allocations. We confirm this hypothesis and find

that the inherent debt frame of the problem interferes with subjects’ decisions. Compared

to a subject who faces this allocation problem under an otherwise identical debt frame,

a subject who faces the investment frame has a 24.2 percentage point higher probability

of making an optimal allocation -this is equivalent to a 128% increase in the share of

optimal allocations.

7Irrelevant in the sense that objectively optimal allocation does not depend on balances.

5
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To further investigate why we observe such an asymmetry in the share of optimal

allocations across frames, we conduct two additional treatments. Our results hint at

two explanations that are not necessarily mutually exclusive: asymmetric attention and

asymmetric heuristic use. First, we document an asymmetry in measured attention

across two frames. We show that an average subject spends significantly more time

on balance information compared to interest rate information under the debt frame;

under the investment frame, there is no difference in time spent on the interest rate

and balance information. Second, we document an asymmetry in heuristic use across

frames. Under the debt frame, we find subjects’ allocations are mostly consistent with a

balance matching heuristic i.e. they seem to make their allocations roughly proportional

to their balances. Under the investment frame, a majority of the subjects’ allocations are

consistent with an interest matching heuristic i.e. they seem to make their allocations

roughly proportional to interest rates.

We contribute to the growing body of evidence showing that people seem to struggle

with correctly resolving simple trade-offs with financial frames ((3), (4)). It is hard to

establish that deviations from the rational benchmark are mistakes using observational

data since we do not know the exact trade-off people face in the field. They must solve

a dynamic allocation problem with varying income streams, due dates, card limits, cash

rewards, and alike where their attention to this allocation problem is limited. A critical

point here is that consumers with multiple accounts might not even be aware of the fact

that they face a simple trade-off regarding their repayments. Using the power of a con-

trolled environment where such concerns are brought to a minimum, we show that people

indeed struggle with simple trade-offs with financial frames as severely and persistently

in the field. This finding has a broader implication on the case for consumer protection

as people seem to suffer pecuniary losses by deviating from normative prescriptions given

their preferences.

6
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We also contribute to the policy discussion regarding how to improve consumer fi-

nancial decisions using empirically informed interventions ((21)). Our results have im-

plications on the performance of two popular policy alternatives: mandating disclosure

policies and promoting financial education.8 A common finding in previous studies that

investigate financial behavior in the debt domain is that conventional disclosure policies

are ineffective in improving financial outcomes ((22), (23)). We find evidence aligning

with previous findings. We show that vividly disclosing interest rate information has no

significant effect on the share of optimal allocations compared to our baseline treatment

where interest rate information is disclosed non-vividly. This does not mean to say that

every potential disclosure policy will fall short of restoring rational choice. We think that

non-conventional disclosures of interest rate information might prove useful in improving

the quality of decisions in this repayment context.

A popular policy alternative to information disclosure policies is financial education.

Financial literacy surveys indicate that many households struggle with algebraic calcu-

lations related to interest rates ((24), (5)). While confirming that optimization ability

is associated with improved decision making, we find a significant majority of subjects

capable of solving simple optimization problems fail to make their allocations optimally

during the experiment. Our finding suggests that an effective financial education pro-

gram should acknowledge the mental gaps between real-life financial decision problems

and algebraic counterparts, and focus on training people how to translate these problems

into simple optimization problems.

Our final contribution is to the vast framing literature in behavioral economics. We

show that many subjects have a harder time making optimal allocations under a debt

frame despite exhibiting similar optimization abilities on the algebraic version of the prob-

8Figuring whether to implement information disclosure policies or to bolster financial education pro-
grams is particularly important as neither of them comes without a trade-off. See (7) for a discussion of
these trade-offs.

7
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lem. Our further investigation into the asymmetry in the share of optimal allocations

across frames hints at systematic differences in how attention is allocated under differ-

ent frames. The asymmetric attention allocation pattern that we observe is inconsistent

with optimal allocation of attention ((25)), models of salience ((16)), focusing ((17)) and

selective attention ((26)). This suggests that exploring how frames affect attention allo-

cation might be worthwhile. We also document how different frames may trigger different

heuristics. Although the use of heuristics in financial decision making has long been doc-

umented ((27), (4)), we present systematic evidence on how an algebraically identical

allocation problem under different frames induces different distributions of heuristic use

over subjects.

1.2 Evidence for Suboptimal Repayments

The purpose of the baseline experiment is two-fold. First, it helps us documenting

the severity and persistence of suboptimal repayments even in extremely simple envi-

ronments, corroborating the field findings. Second, it documents that the combination

of limited attention and optimization ability is not sufficient to explain this puzzling

behavior.

1.2.1 Baseline Design

Decision Environment

Our experiment interface captures the essential features of the decision environment

faced by credit card consumers who make their repayments in the field (See Figure 2.1).

Each subject is endowed with two hypothetical credit card accounts and a hypothetical

checking account. The experiment consists of multiple periods. At the beginning of

8
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each period, we deposit a fixed amount of 500 Experimental Currency Units (ECU) into

their checking account. Subjects’ task in each period is to make repayments toward

their credit cards using their deposit. During a period, subjects face a screen that is

split into two halves. Each half represents a credit card account. At the top part of

each half of the screen, subjects see the current balance information. At the center of

the screen, subjects see a list of other account attributes that are typically displayed

on a credit card statement. These attributes are interest rate, interest charged, previous

balance and previous repayment. The information on each of these attributes is presented

simultaneously and singularly to a subject once she clicks on the information button

that carries the name of that attribute.9 Clicking on information buttons is costless and

subjects are allowed to click freely. Each period ends once a subject submits an allocation

decision.

It is important to emphasize that subjects always see how much they owe on an

account at the top part of the screen and they need not click any button to acquire balance

information while they need to click the information buttons to see other attributes. We

describe the information that is always displayed at the top part of the screen and that

does not require the click of subjects as vividly displayed - an important point that we

will revisit in Section 1.3. Hence in the baseline design current balance information is

vividly displayed.

Our interface allows us to sidestep many confounding features of the actual decision

environment and focus on the allocation problem that lies at the core of this repayment

situation. An essential feature of our design is that interest rate information is readily

available at the time of decision making at a cost as low as clicking a button. Indeed in

9For instance, a subject who wants to find out the interest rate information on both accounts needs
to click the Interest Rate button. Once she clicks the interest rate button, she sees the interest rate
information on both cards at the same time and does not see any other information until she clicks on
some other information button.

9
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Figure 1.1: Experiment Interface

all of our sessions, an overwhelming majority of subjects clicks the interest rate button

and acquires their interest rate information.10 Other important simplifications we make

include no minimum required repayment, simultaneity of repayments and no previous

purchase decision.1112

A crucial aspect of this repayment problem in the field is that consumers do not get

feedback on the quality of their decisions. The only feedback consumers get is the amount

of interest charged on each account which is then incorporated in the total debt they owe

to each card in the subsequent period. We recreate this implicit feedback mechanism

in the laboratory by employing a block design where we combine decision periods into

10Knowledge of interest rate information at the time of repayment is a significant source of variation
in the actual decision environment as the interest rate information is complexly disclosed.

11See the online appendix of (3) for a larger set of potential confounds that exist in the actual credit
card repayment environment.

12Empirical studies ((28), (29)) have documented robust findings on how minimum required payments
could create anchoring on the required amount. Our experiment eliminates the use of minimum payment
in order to remove any potential anchoring that is induced from making the minimum payment.

10
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stages. Each stage consists of five decision periods.13 In the first period of each stage, we

determine the amount of debt on each card. In the subsequent periods, each subject’s

debt on each card is endogenously determined by their previous allocation decisions in

that stage. Since subjects are assigned some debt at the beginning of each stage, we

endow subjects with a fixed positive amount in order for each subject to make some

money in the experiment. We determine a subject’s payoff for a stage by their end of

stage balance on each card subtracted by the fixed endowment. We then convert their

stage payoffs into US dollars and randomly choose one of their stage payoffs for their

actual payment.

We employ six stages with different balance and interest rate configurations. The

first four stages of the experiment have the same structure, and together they constitute

the first part of the experiment. The parameter choices for the first period of these

stages are presented in Table 2.1. We choose the interest rate difference to be 1.5% as a

plausible upper bound of the the observed monthly interest rate differences in the field.14

We keep the interest rate difference across stages fixed to keep the incentives the same

across these stages. We choose the initial balances to be consistent with the average

credit card debt observed in the field and keep the balance difference around 1,500 ECU

in order to separate potential balance-matching behavior from naively allocating equal

amounts to each account (1/N heuristic).15 To provide causal evidence for the impact of

higher interest rate and higher balances on allocation decisions, we design our stages so

13We choose five periods per stage to have a sense of subjects’ within stage learning and to keep the
duration of the experiment reasonable.

14(4) document that the observed annual interest rate difference is 15% at the 90th percentile corre-
sponding to a monthly interest rate difference of 1.25%. (3) find the average monthly interest rate gap
to be 1.1% in their data. Update: The levels of interest rates are chosen to be consistent with the APR
in Gathergood paper: Average APR is around 20%. For a 5-period stage, an average ”APR” is then
equivalent to 4% per period interest rate. The average ”APR” in our experiment for a stage is 19.5%
for the low interest rate card.

15According to Experian’s 2019 data, the average American owes $6,200 on their credit cards and 80%
of credit card holders owe less than $10,000.
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that each credit card account carries observations under each potential balance/interest

rate configuration. The shaded stages in Table 2.1 represent aligned stages: a higher

interest rate account is also assigned a higher initial balance. In contrast, non-shaded

stages represent misaligned stages: a higher interest rate account is assigned a lower

initial balance.

Table 1.1: Parameter Choices and Balance Reallocation

Stage Account Interest Rate (per period) Initial Balance Balance Reallocation

1 4.9% 4,450
1

2 3.4% 3,050
No

2
3 5.7% 2,950

4 4.2% 4,350
No

3
5 3.7% 4,550

6 5.2% 2,950
No

7 3.9% 2,850
4

8 5.4% 4,450
No

9 5.3% 4,650
5

10 3.8% 3,150
Yes

6
11 5.9% 3,050

12 4.4% 4,550
Yes

In the second part of the experiment, subjects face the remaining stages, namely 5

and 6. These stages differ from the first four stages in one important way - there is an

additional period at the end of each stage.16 In the last period of stage 5 and 6, sub-

jects are asked to reallocate their balances between the two accounts. This intervention

16See Figure A7.1 for a screenshot of these periods.
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tightens the screws on the potential suboptimal repayment behavior as it simplifies the

allocation problem even further and increases the incentives to optimize.17

Timeline

Upon arrival, each subject is provided with instructions where the rules of the ex-

periment and how their payment is determined are clearly explained.18 After the exper-

imenter goes through the instructions, the experiment starts with an explanation phase

where subjects are familiarized with the interface. When the explanation phase ends,

subjects move on the first part of the experiment. The first part of the experiment

contains four stages. Subjects are provided ten minutes for the first two stages and

seven minutes for the subsequent stages. Subjects are advanced to the next stage if they

complete a stage or if they exceed the maximum allotted time.19

Figure 1.2: Experiment Timeline

17Given these parameter choices, the payoff difference for a subject who allocates all her deposit into
the high interest rate account throughout a stage makes $5 more than a subject who allocates all her
deposit into the lower interest rate account throughout a stage. In the last two stages, we increase this
payoff difference to $12 by introducing the balance reallocation period.

18Experiment Instructions are located in Appendix A.7.
19Only 2 out of 44 subjects used up the maximum time in a given stage. We discard these auto-

advanced periods in our analysis.
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Upon completing the first part of the experiment, subjects are provided with in-

structions on balance reallocation. After the experimenter goes through the balance

reallocation instructions, subjects face an explanation phase where they learn how to re-

allocate their balances using the interface. Once the explanation phase is over, subjects

go through Stages 5 and 6. Subjects are provided ten minutes for each stage in this part

of the experiment.

Once the main parts of the experiment ends, subjects are asked four incentivized

optimization problems represented in algebraic expressions. These problems correspond

to algebraic versions of the allocation problems subjects go through in the main part

of the experiment.20 We use subjects’ scores on these problems as a proxy for their

optimization ability. An important design choice here is that we do not ask optimization

problems at the beginning of the experiment as it might affect subjects’ ability to optimize

in the experiment. The experiment ends with subjects answering exiting survey questions

that record basic demographic information and subjects’ justification for their allocation

behavior.

Procedural Information

We conducted our experiment at the UCSB Experimental and Behavioral Economics

Laboratory. The experiment was coded using z-Tree software ((30)). A total of 44

subjects, recruited through ORSEE (Online Recruitment System For Economic Experi-

ments), participated in the baseline experiment . The average payment per subject was

$13.2 including a $5 show-up fee. The average duration of a session was 75 minutes.

20The four optimization problems that we ask the participants are: i) min
x,y

3(1000− x) + 2(2000− y)

ii) max
x,y

3(1000 + x) + 2(2000 + y) iii) min
x,y

−3x− 2y iv) max
x,y

3x+ 2y all subject to x+ y = 300, x, y ≥ 0
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1.2.2 Baseline Results

Do subjects know their interest rates?

An important question that arises from previous studies is “Do people actually know

their interest rates? And if they do, do they recall the interest rate information at

the time of decision making?” Since we track the information buttons that a subject

clicks, we can answer this question with our baseline treatment. Figure 1.3 shows the

proportion of subjects acquiring the interest rate information by the first period of each

stage.21 In the first period of the first stage, 100% of the subjects click the interest rate

button to acquire the interest rate information. Although this proportion decreases in

later stages, on average 93.2% of the first period decisions are made after acquiring the

interest rate information. Moreover, we find that the average response time for the first

period decisions is 38.7 seconds and 11.3 of these seconds are spent on the interest rate

information. In light of these findings, we conclude that an overwhelming majority of

our subjects know their interest rates at the time of decision making.

Can subjects solve optimization problems?

Another potential explanation for suboptimal repayments is that people are not good

at solving optimization problems. In order to see if inability to solve optimization prob-

lems drives this mistake, we ask subjects four incentivized optimization problems after

the main experiment. We find that 82% of our subjects are able to solve at least one of

the four simple optimization problems. Hence we conclude that a significant majority of

our subjects can solve simple optimization problems.

21Recall that the interest rate on each card is fixed within a stage.
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Figure 1.3: Proportion of Subjects Acquiring Interest Rate Information

Note: Figure shows the proportion of subjects acquiring interest rate information by the first period of
each stage.

How do subjects make their payments?

Now that we know most of our subjects do look at the interest rate at the time of

decision making, and they can deal with simple optimization problems, we turn to the

main analysis of our baseline treatment. For the remainder of this chapter, we restrict the

sample to the first period decisions while excluding observations from subjects who do

not acquire interest rate information or fail to answer any optimization question correctly.

Most of our results are qualitatively similar when we extend our analyses to include all

observations. We indicate and discuss when our results depend on the sample restrictions.

Result 0 Suboptimal allocations persist when the potential confounds that exist in the

field are removed, knowledge of interest rates and optimization ability are ensured.

Theoretically, subjects should allocate 100% of their assigned deposit to the card

with the higher interest rate. However, as illustrated by Figure 1.5, only 22.4% of the
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Figure 1.4: Distribution of Subjects’ Optimization Abilities

Note: Figure shows the distribution of subjects’ optimization abilities. Math Score represents the fraction
of correctly answered optimization problems. Each bar represents the fraction of subjects achieving a
certain score. The dotted line represents the empirical cumulative distribution function of math scores.

repayments are allocated toward the card with the higher interest rate. The distribution

of optimal repayments is significantly different than the observed repayments (clustered

Wilcoxon signed-rank test, p < 0.001). The optimality rate decreases to 18.8% when we

do not impose any sample restriction. Our results corroborate the field findings: despite

the simplifications we make in the decision making environment, subjects seem to make

similar levels of optimal allocations compare to the field findings. (3) find the share of

optimal allocations to be approximately 15% among people who hold two comparable

credit cards. (4) find this rate to be 11.8%.

Since optimality seems to be a stringent test on how well subjects make their pay-

ments, we also report the fraction of misallocated repayments - the fraction of repayment

that is incorrectly allocated to the lower interest card. We find that 33.5% of the repay-
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Figure 1.5: Distribution of Allocations - Period 1 Decisions

Note: Figure shows the distribution of payments subjects make toward the high interest rate card in the
first period of each stage. The sample excludes (1) those who fail to correctly answer at least one out
of four math questions and (2) those who do not acquire interest rate information. This eliminates 63
out of 264 observations at the subject× stage level. The histogram contains 50 equally sized bins. The
rational choice theory predicts a distribution with full mass located at 500.

ments is misallocated.22 (3) report that consumers misallocate 50% of their repayments

to the low interest rate card and (4) report a misallocation level of 48.5%.23 The differ-

ence in the misallocation rate between our experiment and the field studies, combined

with the similarity in the share of optimal allocations, suggest that our participants de-

viate less from the rational benchmark given that there is a deviation. Nevertheless, our

participants’ allocation behavior is still far from the rational benchmark despite the fact

that they actively seek interest rate information and they can solve simple optimization

problems.

To get a sense of how subjects make their repayments, we first show the distribution

22The misallocation rate is 36.3% when we do not impose any sample restriction.
23These numbers are the amount of misallocation in excess of the minimum required payments for

consumers who hold two credit cards.

18



The Debt Payment Puzzle: An Experimental Investigation Chapter 1

Figure 1.6: Allocation Patterns Across Stages - Period 1 Decisions

Note: The violin plot shows the distribution of repayments subjects make toward high interest rate card
in the first period of each stage. The center white dot represents the median allocation towards the higher
interest rate card in a given stage. The thick bars around the median represents allocations within the
interquartile range. The end of the whisker represents the maximum and the minimum allocation. The
violin shape visualizes the kernel density distribution of the allocation patterns - the wider sections of
the violin represents a higher likelihood of allocating in the corresponding value. The letters A and MA
next to stage numbers represent if that stage is aligned or misaligned. The dotted horizontal reference
lines represent the hypothetical allocation under an exact balance matching heuristic towards the higher
interest card in the first period of each stage. The rational choice theory predicts a distribution with
full mass located at 500 for all stages.

of allocations made to the high interest rate card by stage. Figure 1.6 provides some

suggestive evidence on subjects’ tendency to allocate more towards the card with higher

balances. In aligned stages where the high interest rate card comes with higher initial

balances (Stages 1, 4 and 5), the median allocation is well above 250 ECU (more than

half of their assigned deposit). We find that 94% of the subjects allocate more than

250 ECU to the high interest rate card indicating that an overwhelming majority of the
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subjects are at least partially responsive to interest rates.24 However, this interpretation

overstates the extent that subjects’ decisions are influenced by the high interest rate as

the effect of high interest rate on the allocations made is confounded with the effect of

high balances. In order to discuss the impact of high interest rate separate from the

impact of high balances, we present our findings from the misaligned stages where the

high interest rate card comes with lower initial balances (Stages 2, 3 and 6). We find

in each of the misaligned stages, the median allocation is 250 ECU which is virtually

indistinguishable from a baseline where subjects are completely unresponsive to interest

rates.25 Taken together, we interpret our findings from aligned and misaligned stages as

subjects being responsive to the irrelevant balance information as well as the relevant

interest rate information. In particular, subjects’ allocations seem to move away from

the high interest rate card when it comes with lower initial balances.26

We solidify this interpretation by quantifying the effect of having a higher interest

rate on a card (and a higher balance) on the allocation made towards that card. We

are able to provide causal evidence on these effects using a simple linear regression on

our subjects’ first period decisions in each stage since we exogenously and independently

assign the interest rates and debt levels to be high or low on a single card. We choose,

without loss of generality, the left card on our subjects’ screens for our analysis. We

call the left card “treated” with a higher interest rate if the assigned interest rate on

the left card is greater than the assigned interest rate on the right card, and we denote

this “treatment” with the dummy variable Higher Interest Rate. Similarly, we call the

left card treated with a higher balance if the assigned current balance on the left card is

24The proportion of subjects who allocate at least 250 ECU to the high interest rate account in each
aligned stage is exactly 94%.

25The proportion of subjects who allocate at least 250 ECU to the high interest rate account in Stages
2,3 and 6 is respectively 50%, 52% and 50%.

26The results are nearly identical when we do not impose any sample restriction. The proportion of
subjects who allocate at least 250 ECU to the high interest rate account in each stage is respectively
93%, 50%, 50%, 88%, 88% and 50%.
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Table 1.2: OLS Estimation of Repayments

(1) (2)
Left Card Left Card
Allocation Allocation

Higher Interest Rate 164.0 184.5
(25.80) (31.79)

Higher Balance 109.7 80.83
(16.69) (16.89)

Constant 117.2 111.4
(14.03) (16.45)

Observations 201 645
R2 0.423 0.406
Period First All

Note: Column 1 represents a model of repayments made in the first period
of each stage. The dependent variable is the amount of allocation made on
the left card which takes a value in between 0 and 500. The regressor Higher
Interest Rate is a dummy variable that takes the value 1 when interest rate
on the left card is higher compared to the right card. The regressor Higher
Balance is another dummy variable that takes the value 1 when balance
on the left card is higher compared to the right card. The rational choice
theory requires that Higher Interest Rate to perfectly predict all allocation
behavior and give no predictive power to Higher Balance. Column 2 extends
the analysis by including repayments for all periods. Standard errors in
parentheses. Errors are clustered at the subject level.

greater than the assigned current balance on the right card and we denote this treatment

with the dummy variable Higher Balance.27

A rational decision maker’s allocation behavior should solely be guided by the inter-

est rate information, giving no predictive power to the normatively irrelevant balance

information. Table 1.2 provides the regression results. In Column 1, we see that subjects

take both the relevant interest rate information and the irrelevant balance information

into account while determining their allocations. On average, subjects allocate 164 ECU

27One caveat here is that whenever the left card has a higher balance, it also has a higher interest charge
and a higher previous balance by design. In other words, higher current balance perfectly correlates with
higher interest charges and higher previous balances. Hence the “treatment” Higher Balance captures
an aggregate effect of all normatively irrelevant information presented to the subjects.
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more to the card with a higher interest rate and 109.7 ECU more to the card with a

higher balance. These effects are significant (p = 0.0000 for both) and statistically equal

in magnitude (p = 0.13). These results suggest that subjects are indeed responsive to

a higher interest rate although the effect’s magnitude is less than the prescription of

rational choice. However, we see that subjects are similarly responsive to the irrelevant

balance information, which indicates that the deviations from the rational choice are

not random errors but systematic mistakes that are governed by the irrelevant balance

information. In Column 2, we extend the analysis to all periods. Although this analysis

loses the causal interpretation, we see that both higher interest rates and higher balance

information predict allocation behavior in all periods significantly (p = 0.0000 for both)

yet the effect of higher interest rate is greater in magnitude (p = 0.03).

These results corroborate the field findings that people take irrelevant balance infor-

mation into account while making their payments. (4) find, using various machine learn-

ing algorithms, that balance information has the highest variable importance, which is 3

to 40 times larger than the variable importance of interest rates in predicting allocation

behavior. (3), using regression analysis, find that fraction of outstanding balances on

a card explains almost 10 times greater variation in the allocation behavior than the

variation explained by the interest rate difference. Although our findings are consistent

with the field results, we find no difference in the predictive power of higher balances

and higher interest rates on allocation behavior. We see this improvement in the predic-

tive power of interest rates relative to the field findings as a manifestation of subjects’

increased appreciation toward the importance of interest rates due to the simplifications

we make in the decision environment and our subject pool’s relatively higher algebraic

sophistication.
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Do subjects learn to make better decisions?

Subjects are not provided any feedback between periods or stages. In addition, there

is no explicit intervention in the first part of the experiment that would potentially induce

them to change their allocation decisions. The only source of learning in the first part of

the experiment is repetition which is similar to how such decisions are made in the field.

However, once subjects complete the first part of the experiment, we inform them that

the remaining stages have a balance reallocation period, which might induce subjects to

re-evaluate their decision making strategies.

Figure 1.7: Measures of Optimality Within and Between Stages

Note: Panel A shows both the average fraction of correctly made allocations and the share of optimal
allocations by periods within a stage. Panel B shows the same optimality measures by bi-stages. A
bi-stage consists of two consecutive stages with one aligned and one misaligned stage. The solid lines
indicate the optimality measures 1) for allocations made after acquiring interest rate information, 2)
for the subjects who solve at least one optimization question correctly. The dashed lines indicate the
optimality measures without imposing any sample restriction.
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We find that subjects do not learn to make better decisions within a stage or between

stages. Figure 1.7 shows the average fraction of correctly made allocations and the share

of optimal allocations within and between stages.28 Although subjects’ average fraction

of correctly made allocation increases from 66% to 73% within a stage corresponding to

a 1.4% per period increase, this effect is insignificant (p = 0.068). Similarly, the share of

optimal allocations increase from 22.4% to 31.9% within a stage corresponding to a 1.9%

per period increase yet the effect is insignificant (p = 0.18). Moreover, we do not find

any significant evidence that subjects’ allocations improve between bi-stages (p = 0.12

for the share of optimal allocations, p = 0.96 for the average fraction of correctly made

allocations).29

The results are consistent with previous findings and serve as direct evidence regarding

the difficulty of learning to avoid interest charges in the context of debt payment even

for people who pay attention to interest rates and who are equipped with sufficient

optimization ability.30

Do subjects respond to higher incentives?

An important class of economic models explain the deviations from rational choice

by arguing cost-benefit considerations of making an optimal decision ((31), (25)). In

particular, if our subjects face a fixed cost of optimization due to time, psychological

or cognitive costs of making an optimal payment, the reduction in interest charges due

to optimization may not be high enough to justify to incur this fixed cost. Therefore,

one might expect an increase in the incentive to optimize would improve subjects’ allo-

28The fraction of correctly made allocation refers to the fraction of the deposit that is assigned to the
high interest rate card. For instance, the fraction of correct allocation for an allocation that assigns 400
ECU to the high interest rate card is 0.8.

29The results are qualitatively similar when we do not impose any sample restriction, the regressions
can be found in Appendix A.3.

30Both (4) and (3) find that the fraction of correctly made allocations do not increase with the length
of account tenure.
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cation decisions. The balance reallocation periods in our design allows us to test this

explanation as we effectively increase the incentives to optimize from $1 per period to $7

while simplifying the problem even further by directly asking subjects how much debt

they would like to have on each card. As illustrated in Figure 1.8, the drastic increase

in incentives to optimize do not lead to any improvement in the share of optimal alloca-

tions. In fact, the share of optimal balance reallocations is 16.7% - which is lower than

the share of optimal allocations observed in the main part of the experiment. Our find-

ings from balance reallocation is consistent with previous findings ((4), (3)), which have

documented the degree of misallocation is virtually invariant to the economic stakes.

Figure 1.8: Distribution of Balance Reallocation Decisions

Note: Figure shows the distribution of fraction of total balances subjects reallocate toward the high
interest rate card in balance reallocation periods. The distribution is represented with 50 equally sized
bins. The sample is restricted to subjects who can solve at least one of the optimization problems. This
restriction removes 8 out of 44 subjects, and leaves us 72 subject × period observations. The rational
choice theory predicts a distribution with full mass located at 1.
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1.3 Mechanisms

After establishing the suboptimality of allocation behavior and characterizing the

suboptimal repayments as balance-dependent, we extend our baseline design to include

further treatments with the goal of understanding what features of the decision envi-

ronment leads to suboptimal repayments. Although the suboptimality of choices has no

justification from the perspective of rational choice and hence standard economic theory,

substantial research in psychology documents departures from normative models of de-

cision making and investigate various mechanisms that could explain such departures.31

Moreover, there has been significant advances in behavioral economics literature that

incorporates these insights from psychology to develop descriptive theories of financial

decision making ((16), (17), (25), (39), (13)).

In the context of credit card repayments, one way such suboptimization can arise is

through the vivid display of balance information. A typical credit card statement or an

online account displays balance information more vividly than any other information.

Psychologists argue that vividly displayed information has more impact on judgments

compared to other information ((14)) and they think such vividness effects to be gener-

ated through differential attention to one portion of the environment ((15)).32 Comparing

to interest rate information, the vividly displayed balance information might therefore

attract greater attention and influence the subsequent decisions more heavily.

Another way such suboptimality can arise is through the debt frame of the decision

problem. The credit card repayment problem has an intrinsic negative frame: it is

an optimization problem over balances that affect utility negatively. A parsimonious

31These mechanisms include selective attention ((14), (32)), mental models ((33), (34)), dual process
theories ((35), (36)) and heuristics ((37), (38)).

32We use the word attention to indicate observable attention which is simply the amount of time
spent. Although how observable attention relates to attention is an open question, measuring observable
attention is an established way of measuring attention. See (40) for a detailed discussion.
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explanation for why the debt frame might yield balance-dependence is the valence of

information. Psychologists define valence as the intrinsic attractiveness and aversiveness

possessed by events, objects and situations ((41)).33 Although the negative valence of

balance information should play no role in the decisions made by consumers from the

perspective of rational choice, there is substantial research in psychology that documents

that negative information attracts greater attention and contributes more strongly to the

observed choices ((18), (19), (20)).

In order to motivate our experimental design and show how our manipulations in

the decision environment might lead to different payment behavior, we outline a simple

framework in Appendix A.6 where we conceptualize a behavioral decision maker whose

decisions are influenced by the salience of information that is presented to her. It is im-

portant to emphasize that we think of salience mechanism as a psychologically founded

way of generating context-dependent choice behavior within optimizing agent paradigm

that could unify our hypotheses, while acknowledging that there might be other mecha-

nisms that could lead to differences in payment behavior across the decision environments

we create in the laboratory.

In the next subsection, we describe our treatments that aim to change the salience of

interest rate information.

1.3.1 Mechanism Treatments

We extend our baseline design to test if certain features of the decision environment

plays a role in driving suboptimal allocations. In the extended design, we vary two main

factors: the information that is vividly displayed and the frame of the decision problem.

33(42) discusses how differences in valence of information can trigger different cognitive processes that
lead to different decisions. The idea of valence-dependent encoding is far from being strange to the field
of economics. (20) was a critique of expected utility theory that is based on framing of outcomes as
gains and losses which lead to subsequent development of an immense literature on reference-dependent
preferences and its applications.
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Table 1.3 presents an overview of our treatments.34 It is important to note that the

Debt Balance treatment is exactly our baseline treatment. In treatment Debt Interest

Rate, we decrease the vividness of balance information while increasing the vividness of

interest rate information. We implement this manipulation by displaying the information

that we call vivid at the top part of the experiment interface while keeping every other

feature of the design unchanged. In treatment Investment Balance, we manipulate the

frame of the allocation problem by reframing the credit card repayment problem as a

mutual fund investment problem. The allocation problems that subjects face under each

frame are algebraically identical and offer the same incentives to optimize. Similarly,

the interface under both frames is identical in all respects except for the language that

we use: treatments under the debt frame feature a checking account and two credit

cards; treatments under the investment frame feature an investment account and two

mutual funds.35 In treatment Investment Interest Rate, we manipulate both the vividness

of interest rate information and the frame of the allocation problem to capture any

interaction between these two factors.

Table 1.3: Overview of Mechanism Treatments

Treatments Design Features Sample Size

Debt Balance [DB] Debt Frame, Vivid Balance 44

Debt Interest Rate [DR] Debt Frame, Vivid Interest Rate 43

Investment Balance [IB] Investment Frame, Vivid Balance 38

Investment Interest Rate [IR] Investment Frame, Vivid Interest Rate 40

Role of Information Vividness. If the vividness of information plays a role in

34See Appendix A.7 for the screenshots of the interface of these new treatments.
35Another semantic difference across frames is the substitution of the words charged and earned; and

payment and investment.

28



The Debt Payment Puzzle: An Experimental Investigation Chapter 1

driving the suboptimal repayments, a decrease in the vividness of balance information

and an increase in vividness of interest rate information should increase the salience of

interest rate information. The increase in salience of interest rate information increases

the probability that a behavioral decision maker accounts for interest rate information

and makes the objectively optimal allocation.

Prediction 1 An increase in vividness of interest rate information increases the share

of optimal allocations and the average allocation to the high interest rate account.

Role of Framing. If the framing of the decision problem plays a role in driving the

suboptimal repayments, a positive frame of the decision problem (and hence an increase

in valence of balance information) should lead to less attention being allocated to balance

information and increase the salience of interest rate information. The increase in salience

of interest rate information increases the probability that a behavioral decision maker

accounts for interest rate information and makes the objectively optimal allocation.

Prediction 2 A positive framing of the decision problem increases the share of optimal

allocations and the average allocation to the high interest rate account.

1.3.2 Results from Mechanism Treatments

Role of Information Vividness

In Figure 1.9, Panel A shows the share of optimal repayments made across treatments

and Panel B shows the average allocation made to the high interest rate card for subjects

who can solve optimization problems and who acquire interest rate information before

making their decision in the first period of each stage. We see that there is no significant

increase, on average, in any of the optimality measures. The share of optimal allocations

increases by 3.4 percentage points -from 22.4% in DB to 25.8% in DR (p = 0.68). The
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average allocation to the high interest rate account goes in the opposite direction of our

prediction, and decreases by 13 ECU - from 332 ECU to 319 ECU (p = 0.46). The

results are qualitatively similar when we relax our sample restrictions and control for

demographic information (See Tables A1.1 and A1.2 in Appendix).

Figure 1.9: Optimality Measures Across Debt Treatments - Period 1 Decisions

Note: Panel A shows the share of optimal allocations made under DB and DR. The

whiskers indicate 95% confidence interval calculated using subject-level clusters. Panel

B shows the average allocation made to the high interest rate card under DB and DR.
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Figure 1.10: Allocation Patterns Across Debt Treatments - Period 1 Decisions

Note: The violin plots show the distribution of repayments subjects make toward the

high interest rate card in the first period of each stage. The upward white triangle and

the downward black triangle represent the median allocation towards the higher interest

rate card in a given stage for DB and DR, respectively. The thick red and blue bars

around the median represents allocations within the interquartile range for DB and DR,

respectively. The violin shape visualizes the kernel density distribution of the allocation

patterns - the wider sections of the violin represents a higher likelihood of allocating in the

corresponding value. The letters A and MA next to stage numbers represent if that stage

is aligned or misaligned. The dotted horizontal reference lines represent the hypothetical

allocation under an exact balance matching heuristic towards the higher interest card in

the first period of each stage. The rational choice theory predicts a distribution with full

mass located at 500 for all stages.
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Figure 1.10 documents further evidence that allows us to compare the allocation pat-

terns across treatments. The patterns seem mostly similar. We find that in all aligned

stages 94% of the subjects allocate more than half of their deposit into the high interest

rate card which is identical to the same measure calculated in our baseline treatment.

However, the percentage of subjects’ that allocate more than half of their deposit into

the high interest rate card in misaligned stages is respectively 26%, 29% and 36% which

is lower than the same measure calculated in the baseline treatment. This finding is

particularly striking given that subjects can achieve a higher payoff by simply uniformly

randomizing their payments in misaligned stages. Taken together, these patterns sug-

gest that subjects in DR are responsive to both interest rate and balance information,

yet their decisions seem to be more responsive to balance information compared to the

decisions of the subjects in our baseline treatment. Indeed, we surprisingly find that sub-

jects are significantly more responsive to balance information in DR compared to DB

(p = 0.02) whereas there is no difference in responsiveness to interest rate information

across treatments (p = 0.47). Although subjects in DR are more responsive to balance

information compared to the subjects in DB, they are not significantly more responsive

to balance information compared to interest rate information (p = 0.13). These findings

are robust to relaxing our sample restrictions and including demographic controls (See

Tables A1.3 and A1.4 in Appendix).

Result 1 Neither the share of optimal allocations nor the average allocation to the high

interest rate account improves with an increase in the vividness of interest rate informa-

tion.

As a final note, we show that subjects in DR do not seem to learn to make better

decisions within or between stages, similar to the subjects in DB. These results suggest

that subjects in DR also struggle with learning how to make their allocations correctly.
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Role of Framing

Figure 1.11: Comparison of Balance Treatments

Note: Panel A shows the share of optimal allocations made in DB and IB. The whiskers
indicate 95% confidence interval calculated using subject-level clusters. Panel B shows
the average allocation made to the high interest rate card.

In Figure 1.11, Panel A shows the share of optimal repayments made across treatments

and Panel B shows the average allocation made to the high interest rate card for subjects

who can solve optimization problems and who acquire interest rate information before

making their decision in the first period of each stage. We see that there is a significant

increase, on average, in each optimality measure. The share of optimal allocations more

than doubles -increases from 22.4% in DB to 46.1% in IB (p = 0.0166). The average

allocation to the high interest rate account increases by 46.14 ECU - from 332.4 ECU

to 378.54 ECU (p = 0.038). The results are qualitatively similar when we relax our

sample restrictions and control for demographic information (See Tables A1.5 and A1.6
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in Appendix).

Figure 1.12: Allocation Patterns Across Vivid Balance Treatments - Period 1 Decisions

Note: The violin plots show the distribution of repayments subjects make toward the
high interest rate card in the first period of each stage. The upward white triangle and
the downward black triangle represent the median allocation towards the higher interest
rate card in a given stage for DB and IB, respectively. The thick red and blue bars
around the median represents allocations within the interquartile range for DB and IB,
respectively. The violin shape visualizes the kernel density distribution of the allocation
patterns - the wider sections of the violin represents a higher likelihood of allocating in the
corresponding value. The letters A and MA next to stage numbers represent if that stage
is aligned or misaligned. The dotted horizontal reference lines represent the hypothetical
allocation under an exact balance matching heuristic towards the higher interest card in
the first period of each stage. The rational choice theory predicts a distribution with full
mass located at 500 for all stages.

Figure 1.12 documents further evidence that allows us to compare the allocation
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patterns across treatments. There are stark differences in the distribution of allocations

made across treatments. We find that in all aligned stages 85% of the subjects allocate

more than half of their deposit into the high interest rate account which is lower than

the same measure calculated in our baseline treatment. However, the percentage of

subjects that allocate more than half of their deposit into the high interest rate card in

misaligned stages is respectively 71%, 68% and 81% which is significantly higher than the

same measure calculated in the baseline treatment. The fact that the mass of allocations

that are made in the correct direction is high and do not move much across aligned and

misaligned stages suggest that subjects in IB are more responsive to interest information

than balance information. We confirm this intuition statistically: we find that subjects in

IB are more responsive to interest rate information compared to the balance information

(p = 0.01). Moreover, we find that subjects in IB take interest rate information more

into account while making their decisions compared to the subjects in DB (p = 0.04) and

there is no difference in the extent that balance information is taken into account across

IB and DB (p = 0.21). These findings are robust to relaxing our sample restrictions and

including demographic controls (See Tables A1.7 and A1.8 in Appendix).

Result 2 Subjects make significantly better allocations under the investment frame. There

is a 23.7 percentage point increase - more than doubling - in the share of optimal alloca-

tions from DB to IB.

Furthermore, we find that subjects in IB exhibit small yet significant learning which

stands in contrast to the subjects’ behavior in DB. This suggests that the debt frame

of the problem do not only interfere with subjects’ ability to optimize but also hinders

learning.
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1.3.3 Role of Vividness under the Investment Frame

We find that, similar to our finding under the debt frame, neither the share of optimal

allocations nor the average allocation to the high interest rate account improves with an

increase in the vividness of interest rate information across investment frames. The

comparison between the treatments Investment Debt and Investment Interest Rate can

be found in Appendix A.2.

1.3.4 Information Acquisition Patterns and Use of Allocation

Heuristics

The results presented in this subsection have implication for models of bounded ra-

tionality. In particular, we present evidence towards two channels that pertain to models

of attention and salience, and the literature on the use of heuristics. First, we find a

sharp asymmetry in the way subjects acquire information across frames and we show

how this asymmetric pattern correlates with allocation behavior. Second, we document

an asymmetry in the response times and link this with the use of allocation heuristics

across frames.

Information Acquisition Patterns

To understand the cognitive channels that lead to an asymmetric optimality rate

across decision frames, we introduce two new treatments (Debt No-Vivid and Investment

No-Vivid) where we do not display any information vividly, and thus require subjects

to actively click on information buttons to reveal the corresponding piece of informa-

tion before making their decisions. This representation-neutral information environment

allows us to capture how subjects allocate their attention in a clear way. Specifically,

we keep track of how many times a subject clicks on an information button, how much
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time they spend on each information button and in which order they decide to acquire

information.36

Table 1.4: Overview of Information Acquisition Treatments

Treatments Design Features Sample Size

Debt No-Vivid [DN] Debt Frame, No Vivid Attribute 15

Investment No-Vivid [IN] Debt Frame, No Vivid Attribute 22

In Figure 1.13, Panel A shows the average click rates on current balance and interest

rate buttons in each period by stage for the subjects in DN. We see that subjects consis-

tently click more on the current balance button than interest rate button (p = 0.0000).

Panel B documents the same measures for IN. In sharp contrast with the click patterns in

DN, we find that subjects in IN click on the current balance and interest rate buttons at

similar rates (p = 0.44). Using additional analysis, we find that a subject who is assigned

to IN clicks, on average, 0.6 times less on the current balance compared to a subject who

is assigned to DN (p = 0.005) while the click rates on interest rate information is similar

across treatments (p = 0.87). See Table A4.1. When we analyze the time spent on each

information button and the order in which subjects click on the information buttons, we

find a similar balance-focusedness under the debt frame that does not exist under the

investment frame.37

36See Figures A7.5 and A7.6 for the screenshots of the interface.
37When we compare the time spent on information buttons across treatments, we find that subjects

in DN spend significantly more time on the current balance information compared to the interest rate
information (p = 0.0000) while there is no such difference in the behavior of subjects in IN (p = 0.07).
Moreover, we find that subjects in IN treatment spend significantly less time on the current balance
information compared to the subjects in DN (p = 0.001) although there is no difference in the time
spent on interest rate information across these two treatments (p = 0.62). See Table A4.2.
When we look at the click order, we see that the mode of first information button a subject clicks

within a period is the current balance button if the subject is assigned to DN and interest rate button
if the subject is assigned to IN. Figure ?? presents the click order data.
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Figure 1.13: Average Click Rates Across No-Vivid Treatments

Note: Panel A documents the difference in average click rates on interest rate and current

balance button for each period in each stage under DN treatment. Panel B presents the

same measures for IN treatment.

Result 3 Subjects pay significantly less attention to the irrelevant balance information

under the investment frame. Compared to the debt frame, subjects click significantly less

to the current balance button and spend significantly less time on the current balance

button under the investment frame.

We further show that clicking and spending more time on current balance information

are tightly correlated with making lower quality decisions. See Appendix A.4.
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Use of Allocation Heuristics

An alternative way balance-dependent allocations could occur is through the use of

heuristics. In order to uncover potential regularities in allocation decisions, we investigate

the following set of heuristics that we see as the most relevant:

1. Optimal (OPT): Allocate optimally.38

2. Balance Matching (BM): Allocate more into the account with higher balances.39

3. Interest Matching (IM): Allocate more into the account with higher interest

rates.40

Panel A of Table 1.5 shows the heuristic distribution across frames under a fairly

strict classification requirement. According to this classification, a subject is classified as

a certain heuristic type i) if her allocation is consistent with the same heuristic for at least

8 out of 10 periods in a given bi-stage, and ii) the assigned heuristic is a strictly better fit

than any other heuristic. Using this approach we are able to classify around 60% of the

subjects in each frame. The distribution of heuristic types is drastically different across

the two frames. Under the debt frame, the number of subjects classified as the balance

matching type is strictly greater than the number of subjects classified as the other two

heuristic types. However, this is reversed under the investment frame: there is always a

greater number of subjects who are classified as the interest matching or the optimal type

compared to the number of subjects who are classified as the balance matching type. In

Panel B of Table 1.5 we show the heuristic distribution under each frame when we weaken

38We allow for a 5% margin for error. Hence a subject is considered to be an Optimal type in a given
period if she allocates at least 475 ECU to the high interest rate account in that period.

39Our definition of the balance matching heuristic is less strict than (4) although it still captures the
same intuition that greater balances on an account lead to greater allocations on that account.

40Specifically, a subject who allocates between 250 ECU and 475 ECU into the higher interest account
in a given period is considered to be an Interest Matching type for that period. Recall that we classify
those who allocate at least 475 ECU to the high interest rate account as an Optimal type.
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Table 1.5: Distribution of Heuristic Types Across Frames at Bi-Stage Level

Panel A: Strict Classification - 80% of Periods

OPT BM IM Other Total
Debt (Bi-Stage 1) 6 46 13 44 109
Debt (Bi-Stage 2) 5 49 19 36 109
Debt (Bi-Stage 3) 9 39 18 43 109
Investment (Bi-Stage 1) 19 15 25 34 93
Investment (Bi-Stage 2) 27 11 22 33 93
Investment (Bi-Stage 3) 24 16 28 25 93

Panel B: Weak Classification - 60% of Periods

OPT BM IM Other Total
Debt (Bi-Stage 1) 7 61 32 9 109
Debt (Bi-Stage 2) 5 60 33 11 109
Debt (Bi-Stage 3) 10 55 31 13 109
Investment (Bi-Stage 1) 21 20 34 18 93
Investment (Bi-Stage 2) 27 14 33 19 93
Investment (Bi-Stage 3) 24 17 37 15 93

Note: The table documents the number of subjects that are classified as a certain heuristic
type under each frame at the bi-stage level. Panel A documents the distribution of
heuristic types when the classification requires a subject to be consistent with a heuristic
type for at least 8 out of 10 periods in a bi-stage. Panel B executes the same analysis by
requiring a subject to be consistent with a heuristic type for at least 6 out of 10 periods
in a bi-stage. Since there is no significant difference in the way that subjects make their
allocations within the debt treatments and within the investment treatments, we conduct
the heuristic analysis at the frame level by grouping subjects across the debt treatments
DB, DR, DN and across the investment treatments IB, IR, IN.

the classification requirement.41 This approach allows us to classify a significantly higher

portion of the subjects and the results remain qualitatively similar.

Result 4 A significant majority of the subjects are classified as the balance matching

type under the debt frame. In contrast, the majority of the subjects are classified as

either optimal or the interest matching type under the investment frame.

41Now a subject is classified as a heuristic type i)when her allocation is consistent with that rule for
at least 6 out of 10 periods in a given bi-stage ii) and the assigned rule is a strictly better fit than any
other rule.
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In addition to the asymmetry in the distribution of heuristic types across two frames,

we find that subjects’ assigned heuristic types to be persistent over time. In both debt

and investment treatments, subjects whose allocations are consistent with the dominating

heuristic in a given bi-stage (BM under the debt frame, and IM or OPT under the

investment frame) are highly likely to be classified as the same heuristic type in the

following bi-stage. We report the heuristic transition matrices in Appendix A.5.

Summary

To sum up this subsection, the asymmetry we document in information acquisition

patterns is directly associated with the asymmetry in the share of optimal allocations and

consistent with the distribution of heuristic types across frames. In particular, the tight

connection between higher click rates/longer time spent on balance information and the

share of optimal allocations is consistent with the salience mechanism. This suggests that

frames can systematically affect decision makers’ attention allocation and information

processing while improving or worsening outcomes depending on the normative relevance

of the information that the decision maker is drawn to.

1.4 Discussion

1.4.1 Policy Implications

Many researchers studying household finance have gathered an abundance of evidence

toward departures from rational choice in the last three decades. These departures are

not specific to one branch of financial decision making but cover every aspect of household

finance. Credit card markets, being one of these domains, have offered various suboptimal

consumer behavior and inefficient market outcomes ((7), (8)). The welfare consequences
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of such departures for the households have alerted policy makers to consider the tools

available to them in order to restore the choices that consumers would make if they

were rational and well informed.42 Two widely discussed policies that aim to improve

consumer financial decision making are mandating disclosure policies and promoting

financial education.

A common finding in previous studies that investigate financial behavior in the debt

domain is that conventional disclosure policies are ineffective in improving financial out-

comes ((22), (23)). We find evidence aligning with previous findings. We show that

vividly disclosing interest rate information has no significant effect on the misallocation

rate compared to our baseline treatment where we non-vividly disclosure the interest

rate information. We consider the quality of decisions in the vivid interest rate treat-

ment (DR) to be an upper bound of the quality of decisions that can be obtained through

conventional disclosure policies in the field. This is due to our removal of potential con-

founds that exist in the field and relatively high optimization ability of our subjects.

This does not mean to say that any potential disclosure policy will fall short of restoring

rational choice. We think that non-conventional disclosures of interest rate information

might prove useful in improving the quality of decisions in this repayment context.43

A widely discussed alternative to information disclosure policies is financial education.

According to recent financial literacy surveys, an important aspect of financial decision

making that many households seem to struggle is the capacity to undertake algebraic

calculations related to interest rates ((24), (5)). While confirming that optimization

ability is associated with improved decision making, we find that a significant majority

42In the United States, the Truth in Lending Act of 1968 standardized the format of interest rate and
other financial charge disclosures. The CARD Act of 2009 increased the amount of notice consumers
receive in their credit terms. The Dodd-Frank Act of 2010 established the Consumer Financial Protection
Bureau (CFPB) with the goal of protecting consumers from unfair, deceptive, or abusive practices of
lenders.

43Both (22), (23) explore psychology-guided disclosures in similar borrowing situations and find them
to have modest effects.
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of subjects who are capable of solving simple optimization problems fail to make their

allocations optimally during the experiment. We think the reason for this discrepancy is

subjects’ inability to translate the credit card repayment problem into a simple algebraic

problem that they are clearly better at thinking through.44 Our finding suggests that an

effective financial education program should acknowledge the mental gaps between real-

life financial decision problems and algebraic counterparts, and focus on training people

how to translate these problems into simple optimization problems as well as solving

algebraic problems.

A critical insight that arises from our findings is that people with similar levels of op-

timization ability struggle managing their allocations more as borrowers than investors.

The welfare consequences of such mismanagement are particularly strong if we think of

the allocation problems that we investigate as a simplified version of a larger alloca-

tion problem across various types of debt and investment accounts with differing interest

rates. This insight has a direct implication on the evolution of wealth inequality. House-

holds that have similar levels of optimization ability yet extensively borrow rather than

invest will end up with lower overall wealth over their lifetime simply due to the greater

mismanagement of their allocations that follows from the psychology of being in debt.45

This is especially concerning for young adults as their mismanagements are amplified

through compounding over their lifetime and they tend to be more on the borrowing

than investment side. We believe that the incorporation of this mechanism into life-cycle

models where people endogenously determine their level of financial education (an ex-

cellent example is (46)) should enhance the descriptive power of these models and the

accuracy of policy evaluations obtained under these models.

44There is a substantial educational psychology literature that discusses mechanisms that underlie
errors in algebraic thinking and methods to overcome these errors ((43), (44)).

45A related psychology and economics literature investigates how scarcity might affect various cognitive
functions and lead to suboptimal behavior in many domains (e.g. (45)).
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1.4.2 Implications for Models of Attention

In the last decade, one of the exciting developments in the behavioral economics

literature is the increasing number of theoretical accounts of attention. We present

evidence on how attention to various attributes systematically changes across frames and

we further relate those findings to allocation behavior.

According to the salience theory proposed by (16), a salient thinker allocates strictly

greater attention to balance information compared to interest rate information since

the balance information shows greater variability.46 Similar to salience theory, both

(17)’s model of focusing and (25)’s model of sparsity predict greater attention to balance

information as the range of outcome utilities differ more in that attribute compared

to interest rate information. Our results on time spent on each attribute justify this

prediction under the debt frame. However, we observe our subjects allocating similar

levels of attention toward balance and interest rate information under the investment

frame which stands in contrast to the predictions of these models. This suggests that

accounting for the valence of information might improve the descriptive success of these

theories.

These models’ consequent predictions on the choices that agents make do not help us

explain subjects’ choices in our experiment. (16) is constructed to accommodate addi-

tively separable utility functions in attributes, and do not capture the richer interaction

in attributes in the allocation problems that we investigate. Although (17) and (25)’s

models allow for a more general class of utility functions, their predictions align with

rational choice, which is clearly inconsistent with our results.

Our results on asymmetric attention allocation are also inconsistent with models of

46In order to obtain predictions from these models, we think of our subjects’ choice as a discrete choice
problem with 501 choice objects. Each choice object c is a four-tuple that lays out the balance on the
left account after allocating x ∈ {0, 1, ..., 500} to the left account, balance on the right account after
allocating x to the left account, interest rate on the left account, and interest rate on the right account.
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selective attention where people derive direct utility from attending to information (e.g.

(26)). In this class of models people optimally choose to avoid information that negatively

affects their welfare. Although such models predict an asymmetry in attention allocation

to balance information across debt and investment frames, the direction of the asymmetry

is in contrast to our findings.

1.5 Conclusion

This paper provides clear evidence regarding people’s struggle with correctly solving

simple trade-offs with financial frames. We move beyond existing findings in the litera-

ture by examining the sources of such suboptimal behavior using a diagnostic laboratory

experiment. We show that standard explanations for consumer mistakes such as opti-

mization ability and limited attention fall short of explaining the observed misallocations.

We document the role of information salience by examining two channels that could af-

fect allocation behavior. We find that vividness of balance information plays no role in

driving the suboptimal allocations. Instead, we show that people’s ability to solve such

simple trade-offs is substantially hindered by the instrinsic negative frame of the debt

payment situation.

Our findings have both applied and theoretical implications. On the policy side, we

show limited effectiveness of traditional disclosure policies. We think that further research

in psychology-guided disclosure policies is needed to establish their overall effectiveness

as a way to restore rational choice. We also show that optimization ability does not

pin down our subjects’ ability to correctly resolve such simple trade-offs. We think that

the mixed results that are obtained on the effectiveness of financial education programs

might be partially due to the differences in the content of such programs. Specifically,

we think that financial education programs that acknowledge the mental gaps between
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algebraic problems and real-world counterparts might be more effective in improving

financial outcomes of the decision makers.

On the theory side, we show that existing models of attention are not able to fully

capture the way that attention affects choice behavior across frames. We think that a

valence-based approach to attention might be fruitful in generating insights regarding

the richness of consumer behavior.
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Chapter 2

Restoring Rational Choice in

Repayments: Disclosures or Advice?

2.1 Introduction

With the renewed interest in household balance sheets in the aftermath of the Great

Recession, household finance researchers uncovered novel inefficiencies in how borrowing

individuals manage their finances. In the most dramatic versions of these inefficiencies,

consumers fail to exploit differences in prices for identical products and incur significant

welfare losses. Alerted by the burden of these inefficiencies on the households, policy-

makers seek ways to empower individuals to make more informed financial decisions.

Starting from the Truth in Lending Act of 1968, a significant amount of policy focus has

been placed on information disclosure policies where financial institutions are required to

provide consumers with salient and standardized information on their cost of borrowing.

On the other hand, the advent of financial technologies reduced the cost of providing

advice and provided an alternative way of achieving informed decision making through

educating consumers on the spot. Despite our growing knowledge on the type of mistakes
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consumers seem to make, we know little about what type of interventions would serve as

effective ways of informing and protecting consumers in the marketplace.

The goal of this study is to compare the effectiveness of two alternative approaches to

restoring rational choice in financial markets: information disclosure policies and provid-

ing automated advice. In order to achieve this goal, we focus on a novel choice inefficiency

where recent studies document a significant welfare loss for consumers. (3) and (4), doc-

ument how credit card holders with revolving debt fail to exploit price differences in

their accounts while making their repayments and incur additional interest charges that

would otherwise be avoidable. In particular, individuals with multiple credit cards do

not choose to fully repay their card with the highest interest rate. Instead, they seem to

follow heuristic rules where they make their repayments proportional to their balances

on each card.

A striking feature of this repayment problem is that one can identify an optimal

allocation rule without making assumptions on consumers’ preferences. This is because

rationality dictates one to minimize their cost of borrowing irrespective of their time and

risk preferences. The fact that one does not need to estimate preferences to identify

an optimal decision drastically simplifies our welfare analysis as the extent of choice

inefficiency serves as a direct measure of welfare loss.

Using the debt repayment problem as a proof-of-concept, we aim to answer what

type of interventions would help consumers better exploit simple arbitrage opportunities

on the liability side of their balance sheets. We construct a simple choice environment

that mimics an online payment screen in the laboratory where we can clearly identify

an optimal repayment rule. Identifying an optimal repayment rule is harder to achieve

in the field as the list of potential confounds is large: 1) One credit card might provide

additional benefits that distort incentives 2) One card provider might make it easier to

make payments through digital banking and density of the branch network 3) Individuals
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might care about their credit scores which take balance information on each card into

account and so on.1 Another advantage of a laboratory experiment is that it allows us

to sidestep the endogeneity issues that arise while studying the effectiveness of advice

and it allows us to control for various measures of financial literacy while comparing the

effectiveness of alternative consumer protection approaches.

Our experiments are inspired by the underlying principles of two alternative ap-

proaches to restoring rational choice in financial markets: information disclosures and

advice. Information disclosures are highly popular around the world as a remedy to

consumers’ financial mistakes due to their simplicity and often low-cost of implementa-

tion ((47)). Alternatively, providing individuals with financial advice is another way of

educating consumers to make informed financial decisions. With the advent of financial

technologies, the cost of providing unbiased financial advice is lower than ever.

Although both disclosure policies and advice aim to empower individuals to make

better financial decisions without directly intervening in the markets, we would expect

their effectiveness to differ based on the underlying reason for the inefficient choice be-

havior. If financial mistakes stem from attending and processing relevant information, we

would expect providing individuals with salient and easy-to-process information might

improve outcomes. Following this line of reasoning, we conduct two treatments where we

manipulate the display of interest rate information. In our first treatment, we increase

the salience of interest rate information. In a typical credit card statement or online pay-

ment screens, interest rates are presented as non-salient attributes and instead providers

make balance information predominantly salient. Increasing the salience of interest rates

ensure that individuals pay attention to the price information of their credit cards. Hence

this treatment aims to zero out the cost of attending the interest rate information. We

find that increasing the salience of interest rate information does not improve the extent

1Online Appendix of (3) provides a larger set of confounds.
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of choice inefficiencies. This suggests that attentional constraints play a limited role in

the observed choice inefficiencies and a conventional disclosure policy where interest rate

is displayed saliently would have a limited impact in reducing the choice inefficiencies.

In our second treatment, we change the percentage format of the interest rate to a

fee format. Research in probabilistic reasoning identifies a mental hurdle for processing

percentage information and documents that this hurdle is much less present when the

probability information is presented in frequencies (48). A more directly relevant study

(49) documents consumers struggle with converting the percentage interest rates into

fees. We find that displaying the interest rate information in a fee format helps alleviate

the choice inefficiencies to a certain extent although this does not lead to a change in

behavior in conventional significance levels. This suggests that processing interest rate

information can be a hurdle for some consumers to exploit simple arbitrage opportunities

and hence a behaviorally informed disclosure policy where the percentage format of the

interest rates is substituted with a fee format would help consumers make better decisions.

An equally actionable policy alternative to information disclosures is the provision

of automated financial advice. If the observed choice inefficiencies result from cognitive

limitations or psychological biases, direct provision of financial advice should be more

effective than disclosure policies. A key challenge with providing financial advice to in-

dividuals as a solution to fix their financial mistakes is that they might not understand

that they are committing a financial mistake and might not demand financial advice.

Therefore, we conduct a treatment where we elicit subjects’ willingness-to-pay for auto-

mated financial advice and test if purchasing financial advice improves outcomes. We

find that over 90% of our subjects are willing to pay some amount for financial advice.

If we take the amount of money our subjects leave on the table as a benchmark for their

willingness-to-pay, we find that subjects are slightly yet significantly under-demanding

financial advice. This suggests that subjects are somewhat aware of the extent of their
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choice inefficiencies and respond to an opportunity to purchase advice that would help

them reduce their inefficiencies.

Next, we find subjects who purchase advice dramatically reduces the extent of their

choice inefficiencies. Using the random BDM prices as an instrument for subjects’ will-

ingness to pay, we find that purchasing advice generates a 25 p.p. increase in the share

of optimal choices, corresponding to 100% increase compared to the baseline optimality

rate. Although subjects benefit from financial advice, we find that they do not com-

pletely eliminate their choice inefficiencies after purchasing advice. The inefficient use of

advice generates a situation where our subjects are willing to pay more than what they

should pay given how well they use advice and ends up making our subjects who purchase

financial advice as the worst performing group in our welfare calculations. Our results on

the provision of financial advice shows both a promise and a pitfall. Although consumers

benefit significantly more from the provision of financial advice, their tendency to ”over-

pay” for financial advice might make them worse off in a free market environment. This

suggests that not only promoting but also subsidizing consumer financial technology ap-

plications where consumers could be provided with automated financial advice would be

a significantly more effective way of protecting consumers from simple arbitrage failures.

Our study has three main contributions. First, we elicit individuals’ willingness-to-

pay for financial advice that would help them move beyond their cognitive limitations to

tackle a choice inefficiency using an incentive-compatible mechanism. There is a nascent

literature studying the effect of unbiased financial advice on the optimality of financial

decisions. (50) find that retail investors who would benefit from obtaining financial advice

the most are less likely to demand it and the advice is hardly followed among those who

accept the advice. (51) find that adopters of a robo-advisor that constructs portfolios

tailored to investors’ holdings and preferences are less likely to exhibit behavioral biases

and they exhibit the same set of behavioral biases to a smaller extent after the adoption
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of the robo-advising tool. (52) find that a robo-advisor induces investors to pay more

attention to their portfolios, to increase their investment and exposure to equity, and

it results in higher risk-adjusted returns. To our knowledge, this is the first study that

investigates the demand for financial advice in borrowing decisions and directly measuring

willingness to pay for financial advice.

Second, we compare the effectiveness of conventional disclosure policy against a be-

haviorally informed disclosure policy. There is a growing experimental literature studying

the effects of information disclosure policies within the context of credit card markets.2

(57) studies if credit card borrowers in Brazil respond to interest rate salience when of-

fered a menu of payment plans that would allow them to pay down their balances in fixed

installments. He finds that salient disclosure of interest rates has no effect on take-up

rates and enrollment interest rate elasticities. (23) investigates what type of information

disclosures would be effective in improving various financial outcomes for indebted indi-

viduals in the Mexican credit card market using a randomized controlled trial. They test

the effect of salient information disclosure policies alongside direct warnings about the

consumer’s probability of default and peer comparisons in terms of the amount of debt

individuals carry. They find that salient information disclosure has no effect while direct

warnings and peer comparison treatments have modest effects.3 Our study complements

these studies by reinforcing their findings in a controlled environment where attentional

constraints of decision makers are minimized.

Third, we compare the effectiveness of two distinct approaches to restoring rational

choice in financial decisions. We are not aware of any study that uniformly investigates

2There is a broader household finance literature that looks at the effect of information provision on
consumer welfare in the context of micro-loan take-up (53), mutual fund choice (54), payday loans (22),
retirement contributions (55) and savings accounts (56).

3An earlier set of studies directly investigates the role of disclosure reforms in the US on various
market outcomes in consumer loan and credit card markets. (58) test the impact of Truth in Lending
Act of 1968 on lenders’ ability to price discriminate in consumer installment loans and (59) test the
impact of CARD Act of 2009 on borrowing outcomes.
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the effectiveness of financial advice and disclosure policies. The closest to our study in

this sense is (60). They compare the effect of information disclosures and contract stan-

dardization on delinquency and default rates in Chilean consumer loan market. They

find that information disclosures are substantially more effective than contract standard-

ization in decreasing delinquency and default rates.

Finally, this study complements our earlier investigation (61) where we document

people’s struggle to exploit simple arbitrage opportunities in a repayment context repli-

cating the findings of (3) and (4) in a controlled environment. While (61) focuses on

robustly replicating the field results and testing various explanations that inform theo-

ries of boundedly rational behavior by contrasting the repayment situation to an alge-

braically identical investment situation, this paper focuses on the performance of two

directly actionable consumer protection policy approaches to fix such simple arbitrage

failures.

2.2 Experimental Design

The goal of our design is three fold. First, we want to test if manipulating the

display of crucial information would induce a change in behavior and if so, what type of

manipulation would work more effectively. Second, we want to understand how people

respond to an opportunity to purchase financial advice and test if the purchase of financial

advice would induce a change in behavior. Third, we want to evaluate the welfare of our

participants under these two alternative consumer protection measures.

In order to clearly answer these questions, we create a simple choice environment

that is easy for our subjects to navigate while sharing similarities with actual credit card

statements in the way that essential information is communicated. We build on our

earlier design in our companion paper (61) to answer our research questions.
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2.2.1 Baseline Design

The experiment captures the essential features of the decision environment faced by

credit card consumers who make their repayments in the field (See Figure 2.1). Each sub-

ject is endowed with two hypothetical credit card accounts and a hypothetical checking

account. The experiment consists of multiple periods. At the beginning of each period,

we deposit a fixed amount of 500 Experimental Currency Units (ECU) into their checking

account. Subjects’ task in each period is to make repayments toward their credit cards

using their deposit. During a period, subjects face a screen that is split into two halves.

Each half represents a credit card account. At the top part of each half of the screen, we

saliently display the current balance information. At the center of the screen, subjects

see a list of other account attributes that are typically displayed on a credit card state-

ment. These attributes are interest rate, interest charged, previous balance and previous

repayment. The information on each of these attributes is presented simultaneously and

singularly to a subject once she clicks on the information button that carries the name

of that attribute. Clicking on information buttons is costless and subjects are allowed

to click freely. Each period ends once a subject submits an allocation decision. It is

important to emphasize that subjects always see how much they owe on an account at

the top part of the screen and they do not need to click any button to acquire balance

information while they need to click the information buttons to see other attributes. The

salient display of balance information in our design mirrors the salient display of balance

information on actual credit card statements and online accounts, and is an aspect of the

decision environment we manipulate in other treatments.
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Figure 2.1: Experiment Interface

A crucial aspect of this repayment problem in the field is that consumers do not get

explicit feedback on the quality of their decisions. The only feedback consumers get is

the amount of interest charged on each account which is then incorporated in the total

debt they owe to each card in the subsequent period. We recreate this implicit feedback

mechanism in the laboratory by employing a block design where we combine decision

periods into stages. Each stage consists of five decision periods.4 In the first period of

each stage, we determine the amount of debt on each card. In the subsequent periods,

each subject’s debt on each card is endogenously determined by their previous allocation

decisions in that stage. Since subjects are assigned some debt at the beginning of each

stage, we endow subjects with a fixed positive amount in order for each subject to make

some money in the experiment. We determine a subject’s payoff for a stage by their end

of stage balance on each card subtracted by the fixed endowment. We then convert their

4We choose five periods per stage to have a sense of subjects’ within stage learning and to keep the
duration of the experiment reasonable.
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stage payoffs into US dollars and randomly choose one of their stage payoffs for their

actual payment.

We employ six stages with different balance and interest rate configurations. The

parameter choices for the first period of these stages are presented in Table 2.1. We choose

the interest rate difference to be 1.5% as a plausible upper bound of the the observed

monthly interest rate differences in the field.5 We keep the interest rate difference across

stages fixed to keep the incentives the same across these stages. We choose the initial

balances to be consistent with the average credit card debt observed in the field.

5(4) document that the observed annual interest rate difference is 15% at the 90th percentile corre-
sponding to a monthly interest rate difference of 1.25%. (3) find the average monthly interest rate gap
to be 1.1% in their data.
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Table 2.1: Parameter Choices

Stage Account Interest Rate Initial Balance

1 4.90% 4,450
1

2 3.40% 3,050

3 5.70% 2,950
2

4 4.20% 4,350

5 3.70% 4,450
3

6 5.20% 2,950

7 3.90% 2,850
4

8 5.40% 4,450

9 5.30% 4,650
5

10 3.80% 3,150

11 5.90% 3,050
6

12 4.40% 4,550

Opportunity to Purchase Advice

Once subjects go through the first four stages of the experiment, we provide them

with new instructions and an opportunity to purchase advice. We frame the decision to

purchase advice as hiring a robo-advisor that will help subjects how to minimize their

total debt in the remaining two stages of the experiment and allow them to obtain the

maximum possible earnings from the experiment which is $15. Subjects are then asked

how much they would be willing to pay to hire a robo-advisor on a range from $0 to $15.
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B provides the instructions.

We incentivize subjects to truthfully state their willingness to pay using the Becker-

DeGroot-Marschak mechanism (62). The mechanism is frequently used in laboratory

and field studies to elicit willingness-to-pay due to its ability to provide an exact WTP

measure under the expected utility hypothesis. After a subject states their willingness

to pay, we randomly draw a price from the specified range. The subject gets to hire

the robo-advisor if the drawn price is lower than or equal to subject’s stated WTP. The

mechanism operates as a second-price auction and the dominant strategy for a subject is

to state their true WTP irrespective of their risk preferences. In addition to explaining

the subjects the details of the mechanism, we explicitly tell subjects that stating their

true WTP is a dominant strategy for them (63). Screenshots of the procedure to hire a

robo-advisor can be found in B.3.

Once the random BDM prices are realized, subjects whose valuations are weakly

greater than the realized prices acquire robo-advisor. These subjects complete the re-

maining stages of the experiment with an advice at the top left hand side of the screen

that tells them exactly what they need to do to minimize their interest charges. An

example of the screen is provided in Figure B3.7. Subjects who do not end up with a

robo-advisor complete the remaining stages of the experiment which are identical to the

first four stages except for the parameter choices.

Despite the strong incentive compatibility properties of the mechanism, recent studies

document a lack of training on the mechanism hinders these properties (64). We address

this issue by providing an understanding quiz on the mechanism that provides subjects

with detailed feedback to their answers and a practice period before the actual elicitation.

The understanding quiz can be found in B. Another critique of the BDM mechanism is

that the price range provided by the experimenter affects the valuation of the item to be

purchased although such effect is not predicted by the theory (65). In our experiment,
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rationality puts natural bounds on what this range can be since the value of advice should

rationally be at most how much subjects can improve their earnings. We set the upper

bound of the range of our BDM prices to this natural bound, that is, the maximum

amount of earnings a subject can make.

Measuring Optimization Ability and Financial Literacy

At the end of the six stages that are described above, subjects are asked four in-

centivized optimization problems represented in algebraic expressions. The optimization

problems correspond to algebraic versions of the allocation problems subjects go through

in the main part of the experiment. We use the subjects’ scores on these problems as

a proxy for their optimization ability. We consider ”optimization ability” as a context-

specific measure of cognitive ability. An important design choice here is that we do not

ask optimization problems at the beginning of the experiment as it might affect subjects’

ability to optimize in the experiment.

In addition to the optimization problems, we ask subjects the big three financial lit-

eracy questions that has now become the global standard for measuring financial literacy

(66). The experiment ends with a simple survey where we collect demographic infor-

mation (gender, years in college, credit card account ownership) and ask subject their

reasoning for the choices that have made in the main part of the experiment.

2.2.2 Understanding the Design

The controlled laboratory environment allows us to remove many confounding fea-

tures of the actual decision environment, clearly define a simple arbitrage situation be-

tween the two accounts and incentivize our subjects to exploit this price difference.

First, the sequential nature of due dates in the field might lead consumers to narrowly
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bracket their payment decisions to each card and induce them to ignore the interdepen-

dency between their payments ((67), (68)). Such narrow bracketing naturally incentivizes

consumers to make a decision between how much cash to hold and how much payment

to make at each due date rather than exploiting the price differences between the two

cards. We eliminate the possibility of narrow bracketing by requiring subjects to make

simultaneous payment decisions to each card.

Second, credit card heterogeneity in the field confounds the incentives to pay off the

more expensive credit card. The cheaper credit card might provide greater additional

benefits to consumers in the form of cash rewards and miles. The “credit cards” we

endow our subjects with in our experiment do not provide such additional benefits.

Third, credit availability on each card is an important component of credit score

calculations.6 A consumer might then have an incentive to reduce the amount she owes

on her cheaper card if she owes a significant amount on that card. Our experiment

eliminates the possibility of this confound by not featuring credit scores.

Fourth, minimum payments required on each card leads consumers to anchor on this

amount ((28), (29)). This suggests a consumer who has a higher minimum payment

required on her cheaper card might allocate a greater proportion of her payments to the

cheaper card. We eliminate this possibility by not requiring a minimum payment amount.

In addition to removing these essential confounding factors, we simplify the repayment

problem further by providing our subjects easy access to their interest rate information

and plenty of time to think about their decisions. The cost of accessing interest rate

information is as low as clicking a button and subjects, on average, has 100 seconds to

make a payment decision.7

6The amount of debt determines 30% of the commonly used FICO score:
https://www.myfico.com/credit-education/credit-scores/amount-of-debt

7Knowledge of interest rate information at the time of repayment is a significant source of variation
in the actual decision environment as the interest rate information is complexly disclosed.
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2.2.3 Additional Treatments

We conduct two treatments in addition to the Baseline treatment to test if manip-

ulating the display of interest rates changes behavior. We eliminate the opportunity to

purchase advice in both of these additional treatments.

In treatment Salience, all features of the design is identical to Baseline except that

1) we display interest rate information very saliently at the top of the screen instead

of current balance information and 2) we eliminate the opportunity to purchase advice.

Although our Baseline treatment substantially reduces the cost of attending to interest

rate information by requiring subjects to simply click on the interest rate information

to reveal it, Salience treatment goes a step further to completely eliminate the cost of

attending to interest rate information by not requiring subjects to reveal their interest

rate information and making it the only piece of information on their screen that they

can see without any effort. Through this treatment, we take the Truth in Lending Act8

type of disclosure requirement to an extreme where the cost of borrowing is very salient

and easy to compare between the two credit cards. A screenshot of the interface for this

treatment is provided in Figure 2.2.

8See a summary of the Act here: https://www.debt.org/credit/your-consumer-rights/truth-lending-
act/
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Figure 2.2: Interface for Treatment Salience

In treatment Fee Format, all features of the design is identical to Baseline except

that 1) we change the percentage format of the interest rate to a fee format and 2) we

eliminate the opportunity to purchase advice. Fee Format aims to test if people struggle

with processing the interest rate information as a price and hence fail to make an accurate

cost comparison across the two cards. This treatment aims to test the effect of a potential

behaviorally informed Truth in Lending Act type of disclosure policy. Although the Act

standardized the display of cost of borrowing through Annual Percentage Rate, people

might fail to make accurate price comparisons if they struggle with percentages. A

screenshot of the interface for this treatment is provided in Figure 2.3.
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Figure 2.3: Interface for Treatment Fee Format

2.2.4 Procedural Information

We conducted our experiment online using the subject pool of UCSB Experimental

and Behavioral Economics Laboratory. The experiment was coded using o-Tree software

((69)). A total of 199 subjects, recruited through ORSEE (Online Recruitment System

For Economic Experiments) (70). The average payment per subject was $15.3 including

a $5 show-up fee. Sessions for the Baseline treatment lasted for 90 minutes and the

sessions for other treatments lasted for 60 minutes.

63



Restoring Rational Choice in Repayments: Disclosures or Advice? Chapter 2

2.3 Results

2.3.1 Do subjects make optimal payments?

We first replicate our previous findings on the suboptimality of payments in our simple

environment. We consider two measures of optimality. The first one is a binary variable

that takes the value 1 if a payment is made fully made toward the higher interest rate card.

We call this measure the optimality rate. Rational choice theory prescribes an optimality

rate of 100%. However, as illustrated by Figure 2.4, only 25.4% of the repayments are

fully made toward the card with the higher interest rate. The average optimality rate we

calculate is statistically different than the average optimality rate of 100% prescribed by

rational choice theory (clustered Wilcoxon signed-rank test, p < 0.001).

Our alternative measure of optimality, which we call as the misallocation rate, is a

continuous variable that reflects the percentage of a payment made toward the lower

interest rate card. Similar to the optimality rate, rational choice would necessitate zero

percentage of a payment to be allocated towards the low interest rate card. However, we

find an average misallocation rate of 33.4%. The average misallocation rate we measure

is statistically different than the average misallacation rate of 0% prescribed by rational

choice theory (clustered Wilcoxon signed-rank test, p < 0.001). Both measures of opti-

mality are similar to our findings in our companion paper where we find an optimality

rate of 22.4% and a misallocation rate of 35.6%.

Optimality Measures by Optimization Ability and Financial Literacy

We find that the ability to solve an algebraic version of the credit card repayment

problem is a significant predictor of making optimal payments. Indeed, we find an average

optimality rate of 9.4% among our subjects who are unable to solve the algebraic version

of the problem. However, the average optimality rate goes up by 34.6 percentage points
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Figure 2.4: Distribution of Payments in the First Four Stages of the Baseline

Notes: Figure shows the distribution of payments made towards the high interest rate card as a percent
of the available deposit in the first four stages of the experiment. The unit of observation is subject-
by-period (91x20). The bin with dotted lines indicates the degenerate distribution prescribed by the
rational choice theory. The histogram contains 50 equally sized bins.

to 44% among our subjects who are able to solve an algebraic version of the problem.

Moreover, we find that only 42 out of 91 subjects can solve an algebraic version of

the problem which is statistically indistinguishable from half of our subject population

unable to solve the algebraic version of the credit card repayment problem (binomial test,

p = 0.53).

Unlike optimization ability, a traditional measure of financial literacy, the big three

questions, does not predict making optimal payments. We find an average optimality

rate of 18.6% among our subjects who are unable to solve at least one of the big three

questions we ask. Although the subjects who can solve all the big three questions has a

higher average optimality rate of 29.8%, the increase in the optimality rate is statistically
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indistinguishable from 0 (p = 0.13). Similar to the optimization ability, we find that only

55 out of 91 subjects can solve all big three questions suggesting that half of our subject

population unable to solve all big three financial literacy questions.

Figure 2.5: Optimality Rate by Optimization Ability and Financial Literacy

Notes: Panel A shows the average optimality rate by our subjects’ ability to solve an algebraic version of

the credit card repayment problem. Subjects who are unable to solve the algebraic version of the credit

card repayment problem are indicated by the group O. Panel B shows the average optimality rate by our

subjects’ ability to show the Big Three financial literacy questions. Subjects who are able to solve all

big three questions are indicated by group 1. The number of observations and the number of individuals

in each group is indicated by N and I respectively. The unit of observation is subject-by-period. The

whiskers indicate 95% confidence intervals. Errors are clustered at the subject level.

The results are qualitatively similar when we consider the misallocation rate instead

of the optimality rate as our measure of optimality. Subjects who do not have “opti-

mization ability” has an average misallocation rate of 39.4% whereas subjects who have

“optimization ability” has an average misallocation rate of 26.2%, a significant lower

misallocation rate (p < 0.001). On the other hand, subjects who fail to solve one of the

big three financial literacy questions have an average misallocation rate of 35.9% whereas

subjects who successfully solve all big three financial literacy questions have an average
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misallocation rate of 31.7%, displaying an insignificant decrease (p = 0.17). Figure B1.1

visualizes these results in Appendix B.1.

Result 1 A significant majority of subjects do not make their payments optimally. Sub-

jects who can solve an algebraic version of the credit card repayment problem are signif-

icantly better at making optimal payments. A traditional measure of financial literacy

does not predict making optimal repayments.

2.3.2 Measuring Demand for Financial Advice

A natural benchmark for subjects’ willingness-to-pay for financial advice is the amount

of money they leave on the table by not making their payments optimally. A rational

subject who is aware of the fact that he has left some amount of money on the table

on the first four stages of the experiment should be willing to pay an equivalent amount

for financial advice unless he has a compelling reason to believe that his allocations will

improve in the remaining periods. We find that in the first four stages of the experiment,

misallocation rate reduces by 0.4% over time (p = 0.49), suggesting there is no learning

and hence no compelling reason for rational subjects to anticipate an improvement over

their misallocation rate.

We find that 90.1% of subjects should be willing to pay some amount for financial ad-

vice (p < 0.001). The average willingness-to-pay for financial advice should be 33.4% of

$15 which is the maximum earnings from the experiment that would be obtained if sub-

jects were to make no misallocation in their payments in the remaining periods. However,

our subjects are willing-to-pay 29.1% of the maximum potential earnings from the exper-

iment. The difference in rational and actual willingness-to-pay amounts is statistically

significant (p = 0.017). This suggests that at the aggregate our subjects demand financial

advice less than they should. Interestingly, we find that 97.8% of subjects are willing-
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to-pay some amount for financial advice. The difference in the percentage of subjects

who should pay and who pay for financial advice is statistically significant (p = 0.007).

The results show that an overwhelming majority of our subjects value financial advice

to some extent. However, aggregate demand for financial advice is less than what they

should “rationally” demand.

Figure 2.6: Rational and Actual Willingness-to-Pay for Financial Advice

Figure 2.6 provides an individual level analysis of how much our subjects should

rationally pay for financial advice and how much they do pay. We find that 60 out of 91

subjects are willing-to-pay less than what they should pay for financial advice. We reject

the hypothesis that only half of our subjects “under-demand” financial advice (binomial

test, p = 0.003). Joint with our aggregate analysis, the evidence suggests that subjects
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do not value financial advice as much as they should.

Demand for Financial Advice by Optimization Ability and Financial Literacy

Table 2.2 disaggregates the actual and rational willingness-to-pay by levels of opti-

mization ability and financial literacy. We find that subjects who are unable to solve an

algebraic version of the credit card repayment problem has a higher willingness-to-pay

compared to the subjects who can. However, subjects who fail to solve an algebraic

version of the problem still exhibit a significantly lower willingness-to-pay compared to

what they should rationally be willing to pay (p = 0.005). On the other hand, there is no

significant difference in actual and rational WTP amounts for subjects who can solve an

algebraic version of the problem. This suggests that a lack of optimization ability is not

only associated with making suboptimal repayments but also it interferes with subjects’

ability to accurately demand financial advice.

The results are somewhat similar for financial literacy. Although subjects who fail to

solve one of the big three questions do not demand financial advice more than those who

successfully answer all big three questions, they exhibit a significantly less willingness-

to-pay compared to what they should rationally be willing to pay (p = 0.02).

69



Restoring Rational Choice in Repayments: Disclosures or Advice? Chapter 2

Table 2.2: WTP for Financial Advice by Optimization Ability and Financial Literacy

Low High

Actual WTP Rational WTP Actual WTP Rational WTP

Optimization Ability 32.2% 39.4% 25.5% 26.2%

Financial Literacy 29.0% 35.9% 29.2% 31.7%

Notes: The table presents the averages of actual and rational willingness-to-pay for financial advice by optimization ability

and financial literacy. Actual WTP is the amount elicited through the BDM mechanism indicated as the percentage of

USD 15. Rational WTP is the percentage of USD 15 subjects leave on the table by not making their payments optimally

before the opportunity to purchase financial advice is presented to them. Optimization ability is a dummy variable that is

Low for subjects who fail to solve an algebraic version of the credit card repayment problem. Financial literacy is a dummy

variable that is Low for subjects who fail to solve at least one of the big three financial literacy questions.

We summarize our findings on the demand for financial advice in the following result:

Result 2 An overwhelming majority of subjects appreciate financial advice yet a signifi-

cant majority of subjects are willing to pay less than what they should rationally be willing

to pay. The extent of “under-demand” for financial advice is significantly greater among

subjects who fail to solve an algebraic version of the problem. Similarly, the extent of

“under-demand” for financial advice is significantly greater among subjects who fail to

achieve a full score on a traditional measure of financial literacy.

2.3.3 Effectiveness of Financial Advice

Before describing our results on the effectiveness of providing computerized financial

advice, we discuss which of our subjects end up with a robo-advisor. We find that 23.1%

end up with a robo-advisor after the realization of the BDM prices. This is statistically

indistinguishable from our anticipation on the percentage of subjects ending up with
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robo-advisor before the realization of the BDM prices, which is 29.1% (binomial test,

p = 0.25). Among the subjects who end up with a robo-advisor, 42.9% can solve an

algebraic version of the credit card payment problem while 57.1% has perfect score on

financial literacy questions.

Figure 2.7 shows the average optimality rate before and after the opportunity to

purchase financial advice is presented. Average optimality rate sharply increases for

subjects who purchase financial advice in the remaining part of the experiment. Subjects

who do not purchase financial advice has an average optimality rate of 27.4% in the first

four stages before the opportunity to purchase advice is presented and this rate moves up

to 27.7% in the last two stages. On the contrary, subjects who purchase financial advice

has an average optimality rate of 18.6% in the first four stages and this rate moves up to

40.5%.
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Figure 2.7: Effect of Financial Advice on Making Optimal Repayments

Notes: The figure presents the average optimality rate for purchasers and non-purchasers of financial

advice before and after the opportunity to buy a financial advice is presented. A repayment is optimal

if a subject has allocated all of her deposit into the card with higher interest rate. The opportunity

to purchase financial advice is presented at the end of the fourth stage of the experiment. Subjects go

through two more stages after the opportunity to purchase financial advice. The whiskers represent the

95% confidence interval for the average optimality rate. Errors are clustered at the individual level.

We estimate the causal effect of purchasing financial advice on optimality rate using

the randomly assigned BDM prices. Table 2.3 presents the results. In the first stage

estimation in Column (2), the BDM price strongly predicts purchasing financial advice.

Column (3) shows that purchasing advice significantly increases the probability of making

an optimal repayment by 23.9 percentage points while controlling for how much subjects

are willing-to-pay (actual WTP) and how much they should rationally be willing to pay

(rational WTP). Column (4) shows that the BDM prices continue to strongly predict

purchasing advice when we include optimization ability, financial literacy and gender as

additional controls in the first stage. Column (5) shows that the effect remains unchanged
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when reiterate the IV estimation using aforementioned additional controls.

We similarly estimate the causal effect of financial advice on misallocation rate and

find that purchasing financial advice strongly reduces the misallocation rate by 16.7

percentage points, that is, subjects allocate 16.7 percentage points less of their deposits

towards the card with lower interest rate. Table B1.1 in Appendix B.1 presents the

estimation results.

Table 2.3: Causal Effect of Financial Advice on Making Optimal Repayments

OLS First Stage IV Estimate First Stage IV Estimate

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

Optimal Repayment Purchased Advice Optimal Repayment Purchased Advice Optimal Repayment

Purchased Advice 24.26∗∗ 23.93∗ 24.95∗

(8.934) (10.44) (10.06)

Actual WTP -0.628 0.0724∗∗∗ -0.607 0.0732∗∗∗ -0.505

(1.403) (0.0167) (1.499) (0.0157) (1.429)

Rational WTP -13.83∗∗∗ -0.00867 -13.83∗∗∗ -0.00661 -12.79∗∗∗

(1.024) (0.0138) (1.019) (0.0165) (1.368)

BDM Price -0.0654∗∗∗ -0.0664∗∗∗

(0.00710) (0.00708)

Observations 910 2730 910 2730 910

Additional Controls No No No Yes Yes

Notes: Results from an instrumental variables regression that uses the (randomly assigned) BDM price as an instrument for purchasing financial advice to estimate the causal impact

of financial advice on probability of making optimal repayments. Columns (1) and (2) present the OLS and first-stage estimates, respectively. Column (3) and (5) use optimality

of repayments as the outcome variable, that is, if a repayment is fully allocated towards the card with the high interest rate. Column (4) presents the first-stage estimates using

optimization ability, financial literacy and gender as additional controls. Column (5) presents the IV estimates with the aforementioned additional controls. Standard errors in

parentheses. Errors are clustered at individual level. * p < 0.05, ** p < 0.01, *** p < 0.001.

We summarize our findings on the effectiveness of financial advice in the following

result:

Result 3 Purchasing financial advice significantly improves the optimality of allocations.

Subjects who purchase advice are 25 p.p. more likely to make optimal repayments, cor-

responding to an approximately 100% increase compared to our baseline optimality rate.
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Moreover, subjects who purchase advice misallocate 17 p.p. less of their deposits towards

the lower interest rate card, corresponding to an approximately 100% decrease in the

misallocation rate.

2.3.4 Manipulating Information Representations

Do subjects respond to salient interest rates?

Figure 2.8 displays that the optimality rate decreases when we increase the salience

of interest rate. The 4.6 p.p. decrease in optimality rate is insignificant (p = 0.44), but

it is surprising as it goes against our predictions. When we use misallocation rate as our

outcome measure, the results are qualitatively similar. We find an insignificant 3.6 p.p.

increase in the amount of deposit allocated toward the low interest rate card (p = 0.21).

Figure B1.2 provides more information.
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Figure 2.8: Effectiveness of Interest Rate Salience

Notes: Figure shows the optimality rate in treatments Baseline and Salience. Optimality rate is the

share of payments that are made fully towards the more expensive card among all payments. The number

of observations and the number of individuals in each treatment is indicated by N and I respectively.

The unit of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are

clustered at the subject level.

Disaggregating the data by optimization ability gives us further insights on the sur-

prising negative effect of interest rate salience on the optimality rate. The negative effect

seems to be driven by subjects who have ”low optimization ability”, that is, subjects who

fail to solve an algebraic version of the repayment problem. When we estimate the aver-

age treatment effect for each subgroup, we find that the optimality rate decreases by 4.3

percentage points among subjects with low optimization ability (p = 0.20). On the other

hand, it increases among subjects with high optimization ability by a similar amount

(p = 0.71). It is important to note that these effects are not significant at conventional

levels. Results are qualitatively similar when we consider the misallocation rate. Figure

B1.3 provides further information.
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Figure 2.9: Effectiveness of Interest Rate Salience by Optimization Ability

Notes: Panel A shows the optimality rate for Baseline and Salience treatments among subjects who

fail to solve an algebraic version of the credit card repayment problem. Panel B shows the same rate

across the same treatments for subjects who solve an algebraic version of the credit card repayment

problem. The number of observations and the number of individuals in each group is indicated by N

and I respectively. The unit of observation is subject-by-period. The whiskers indicate 95% confidence

intervals. Errors are clustered at the subject level.

When we look at the effects of interest rate salience by financial literacy, we find that

the optimality rate decreases by 14.5 p.p. among subjects with low financial literacy

(p = 0.009) whereas there is no change in optimality rate among subjects with high

financial literacy (p = 0.85). Results are qualitatively similar when we consider the

misallocation rate. Figure B1.4 provides further information.
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Figure 2.10: Effectiveness of Interest Rate Salience by Financial Literacy

Notes: Panel A shows the optimality rate for Baseline and Salience treatments among subjects who

fail to solve one of the big three financial literacy questions. Panel B shows the same rate across the same

treatments for subjects who solve all big three financial literacy questions. The number of observations

and the number of individuals in each group is indicated by N and I respectively. The unit of observation

is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are clustered at the subject

level.

Result 4 Increasing the salience of interest rate information does not generate an in-

crease in the share of optimal repayments. Contrary to our hypothesis, the intervention

seems to decrease the optimality rate among subjects with low financial literacy.

Do subjects respond to a change in interest rate format?

Figure 2.11 shows that the fee format helps subjects make better decisions. The

optimality rate under the treatment Fee Format increases by 6.9 p.p., yet the effect is

insignificant (p = 0.23). We find a qualitatively similar result when we use the misallo-

cation rate as our outcome measure (Figure B1.5).
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Figure 2.11: Effectiveness of Fee Format

Notes: Figure shows the optimality rate in treatments Baseline and Fee Format. Optimality rate

is the share of payments that are made fully towards the more expensive card among all payments.

The number of observations and the number of individuals in each treatment is indicated by N and

I respectively. The unit of observation is subject-by-period. The whiskers indicate 95% confidence

intervals. Errors are clustered at the subject level.

Figure 2.12 presents heterogenous treatment effects when we disaggregate the data

by subjects’ optimization ability. The optimality rate among subjects who fail to solve

an algebraic version of the problem increases by 12.9 p.p. (p = 0.017). On the other

hand, the optimality rate among subjects who solve an algebraic version of the problem

is virtually unchanged (p = 0.82). Hence subjects with low optimization ability benefit

more from the intervention compared to the subjects with high optimization ability.

The results are qualitatively similar for misallocation rates. The misallocation rate

among subjects who fail to solve an algebraic version of the problem decreases by 3.8

p.p. (p = 0.076). On the other hand, the misallocation rate among subjects who solve

an algebraic version of the problem is virtually unchanged (p = 0.95). See Figure B1.6.
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Figure 2.12: Effectiveness of Fee Format by Optimization Ability

Notes: Panel A shows the optimality rate for Baseline and Fee Format treatments among subjects

who fail to solve an algebraic version of the credit card repayment problem. Panel B shows the same

rate across the same treatments for subjects who solve an algebraic version of the credit card repayment

problem. The number of observations and the number of individuals in each group is indicated by N

and I respectively. The unit of observation is subject-by-period. The whiskers indicate 95% confidence

intervals. Errors are clustered at the subject level.

Next, we disaggregate the data by our subjects’ ability to pass a standard test of

financial literacy in Figure 2.13, we find that the optimality rate among subjects who

fail to solve at least one of the big three questions increases by 2.8 p.p. (p = 0.74).

Whereas the optimality rate among subjects with ”high financial literacy‘” increases by

6.3 p.p. (p = 0.40). Results are similar for misallocation rates. See Figure B1.7. Unlike

optimization ability, the effect of Fee Format treatment does not seem to depend on

subjects’ level of financial literacy.
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Figure 2.13: Effectiveness of Fee Format by Financial Literacy

Notes: Panel A shows the optimality rate for Baseline and Fee Format treatments among subjects

who fail to solve one of the big three financial literacy questions. Panel B shows the same rate across

the same treatments for subjects who solve all big three financial literacy questions. The number of

observations and the number of individuals in each group is indicated by N and I respectively. The unit

of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are clustered

at the subject level.

Result 5 Presenting the interest rate information in a fee format generates a modest

increase in the share of optimal repayments. The intervention is most effective among

subjects with low optimization ability. The effectiveness of intervention does not depend

on subjects’ level of financial literacy.

2.4 Welfare Analysis Across Treatments

In this subsection, we compare the welfare gains from providing our subjects the

opportunity to purchase advice and manipulating the information environment. The

fact that the choice problem subjects face is a simple arbitrage situation that has an

optimal allocation rule irrespective of subjects’ preferences allows us to use the amount
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of deposit allocated towards the high interest rate card as a direct welfare measure.

Figure 2.14 documents the percentage of all payments that is allocated towards the

high interest rate card and corresponds to exactly the percentage of the maximum earn-

ings subjects can achieve in the experiment. Subjects who purchase advice significantly

increases their gross earnings from the experiment by 11 p.p. compared to Baseline

(p = 0.0017). Those who do not purchase advice do not see an increase in their earn-

ings compared to Baseline (p = 0.43), neither subjects who participate in Salience

(p = 0.60) nor Fee Format treatments (p = 0.53).

Figure 2.14: Gross Earnings Across Treatments

Notes: The number of observations and the number of individuals in each group is indicated by N and I respectively.

The unit of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are clustered at the

subject level.

Figure 2.15 displays net earnings across treatments. Although purchasers of advice see

an increase in their earnings, the above analysis does not take the percentage of earnings

that are forgone to purchase advice. We see a dramatic change in earnings comparisons
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across treatments when we account for the cost of advice: subjects who purchase advice

see a decrease in their earnings (p = 0.047) and become the worst performing group in the

experiment in terms of earnings. This point emphasizes that an inability to use financial

advice effectively generates a situation where subjects overpay for financial advice.

Figure 2.15: Net Earnings Across Treatments

Notes: The number of observations and the number of individuals in each group is indicated by N and I respectively.

The unit of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are clustered at the

subject level.

2.5 Conclusion

This study compares the effectiveness of two different approaches to consumer pro-

tection policies on individuals’ ability to exploit simple arbitrage opportunities in their

repayments. We construct a simple repayment situation that mimics an online payment

screen and measure people’s willingness to pay for financial advice. We find that people
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are willing to pay for financial advice less than they should when compared to the amount

of money they leave on the table by not purchasing advice. Once purchased, advice dra-

matically decreases the choice inefficiencies. One caveat is that people do not effectively

use the advice that they have purchased. This creates a situation where subjects overpay

for advice given how effectively they use the advice.

On the other hand, we manipulated the representation of interest rate information.

We find that neither increasing the salience of interest rate nor changing the percentage

format of the interest rate to a fee format achieves to reduce choice inefficiencies. Our

results suggest that advice is a more effective tool in helping consumers tackle simple

arbitrage opportunities on their balance sheets. Moreover, in addition to promoting

consumer technology applications that would provide consumers with automated advice,

subsidizing such applications should increase the welfare gains for consumers.
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Chapter 3

Mental Models and Endogenous

Learning

3.1 Introduction

People regularly construct mental models of their environment to guide their reason-

ing, to make inferences and to understand how their actions map into outcomes. Ac-

cumulating evidence from psychology and economics documents that people frequently

create mental models that fall short of being an accurate representation of their decision

environment, as they struggle gathering, attending, and processing crucial information in

their environment ((71), (72)). An important question is then if the constructed models

do not admit the possibility of truth, what are the implications of this ”misspecification”

for how people learn about their environment and subsequently make decisions that are

informed by their learning? In particular, do more data necessarily mean that people

will correctly learn a fundamental variable and take the first-best action?

We set out to answer this question using a carefully designed laboratory experiment.

In the experiment, subjects repeatedly make investment decisions on a fixed project over
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1000 periods, and in each period observe a noisy signal on the profit they generate.

Subjects do not know the quality of their assigned project, but correctly know that the

assignment is random. Moreover, there are complementarities between the investment

amount and the expected project quality – projects with higher expected quality require

higher investment at the optimum. Another key determinant of the profit is an ability

parameter for the subject that positively affects the profit. In particular, we assign

each subject an ability score based on their ranking on an ”IQ test” that they take

at the beginning of the experiment. Tying an ego-relevant ability parameter to the

profit and not resolving the uncertainty over the ability parameter provides scope for

model misspecification in how subjects perceive the profit equation. In our controlled

environment, subjects frequently create misspecified models of the profit equation because

of their overestimation of their ranking on the IQ test. We find that of 34% our subjects

assign 100% likelihood to ability scores that are strictly above their true abilities.

The theory makes sharp predictions about how subjects with misspecified models

of the profit equation should take actions throughout the experiment. (73) show that

if agents with misspecified models do not update their prior on their ability and learn

from feedback in a Bayesian fashion, they should on average make growingly suboptimal

investments in this environment. Intuitively, this is because agents regularly experi-

ence less-than-expected profit because of their overconfidence and explain the less-than-

expected output by developing pessimistic beliefs about the project quality. Consistent

with this prediction, we find that overconfident subjects with misspecified models of

the profit equation make growingly suboptimal investments throughout the experiment’s

time horizon. By the last period of the experiment, overconfident subjects significantly

under-invest relative to the first-best in their projects compared to the subjects who have

a correctly specified model of the profit equation.

A further theoretical insight in (73) that directly applies to our setting is that endoge-
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nous learning exacerbates the extent of suboptimal behavior when agents have misspec-

ified models. This is because suboptimal behavior generated through model misspecifi-

cation further depresses profit. Agents rationalize the additionally depressed profits by

even more pessimistic beliefs about the project quality. These more pessimistic beliefs

about the project quality then lead overconfident subjects to curb investment even fur-

ther because of the complementarities in project qualities and investment amounts. In

order to test this prediction we create two treatments Exogenous and Endogenous

where we manipulate the endogeneity of feedback. While subjects in Endogenous see

their investment decisions immediately implemented in each period and receive feedback

that comes from the ”profit distribution” they select in that period, subjects in Exoge-

nous do not see their investment decisions immediately implemented and instead receive

feedback from a fixed pre-announced ”profit distribution” throughout the experiment.

Although overconfident subjects in both treatments make growingly suboptimal invest-

ments, we do not find that endogenous feedback exacerbates the suboptimal investment

behavior. Although subjects in Exogenous take actions that are statistically indistin-

guishable from the action a myopically optimizing Bayesian agent would take on average

by the last period of the experiment, subjects in Endogenous sharply deviate from this

Bayesian benchmark.

Investigating how subjects in Exogenous and Endogenous learn about their abili-

ties reveals insights into the deviation from the theoretical prediction and the Bayesian

benchmark. Although Bayesian learners would learn virtually nothing about their abili-

ties in our experiment, a comparison of elicited prior and posterior means clearly indicate

that overconfident subjects have become less overconfident by the end of the experiment.

This ”weakening” of mental models, including the truth within the set of possibilities, in

the face of abundant objective feedback is consistent with previous work ((74)). Interest-

ingly, we find that this ”weakening” is more pronounced for subjects who face endogenous
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feedback although this effect is not significant at conventional levels.1

Substantial evidence in psychology suggests that on average people have unrealisti-

cally positive views of their traits (e.g. (75), (76), (77)). A large literature in economics

investigates how such overconfident beliefs about own traits and prospects lead people to

make suboptimal decisions (excess entry decisions in the laboratory, (78); over-trading

by retail investors, (79); over-investment by CEOs, (80), (81)). As the evidence on the

material costs of overconfidence accumulates, theoretical and laboratory studies started

exploring how people produce and maintain overconfident beliefs about their abilities.

While the theoretical literature documented how overconfidence may arise as a result of

biased memory, ego utility , motivational and signalling values ((82), (83)), laboratory

studies confirmed these mechanisms ((84), (85), (86)) and further documented how biased

processing of objective noisy feedback prevent people from learning their true abilities

((87), (88), (89)).

Our investigation pushes the literature on overconfident agents’ learning processes

forward in three fundamental ways. First, while the previous literature focuses on set-

tings where there is a single source of uncertainty (e.g. the agent’s ability) that generates

noisy feedback, we focus on a setting where the noisy feedback features two sources of

uncertainty (e.g. the agent’s ability and an external stable fundamental). Many economi-

cally important settings feature such multidimensional sources of uncertainty and a lower

dimensional feedback. Examples include an employee not knowing her marginal return

to effort, deciding how hard she wants to work and observing the output of her efforts; a

team member not knowing the ability of his teammate, deciding how much of the work to

delegate and observing the joint output produced by his team. Second, while the focus of

the previous literature is on how overconfident people learn about their abilities through

1However, the greater reduction in overconfidence is consistent with our main finding that endogenous
learning does not exacerbate suboptimal investment
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noisy feedback, we focus on how overconfident people learn not about their ability, but

about an external decision-relevant variable. There is ample evidence documenting that

people are good at supplying overconfident beliefs about their own abilities, however, in

the environments that we are investigating there is little evidence if the supply of such

beliefs biases the way people learn about their environment. Third, while the previous

literature is interested in exogenous learning situations where individuals learn about

their abilities without choosing actions, our focus is on endogenous learning situations

where individuals are provided opportunities to take actions that allow them to sample

feedback from distinct distributions. It is clear that most learning environments have

this “experimentation” feature (e.g. an employee might try working very hard or very

little to get a more precise signal of her own ability) and hence, arguably, is of greater

economic relevance than exogenous learning situations.

3.2 Theoretical Framework

In this section, we present our theoretical framework and discuss its main predictions.

The model has two main goals. First, it illustrates an environment where overconfident

agents who have a misspecified model of their environment underestimate an external

fundamental while such underestimation does not necessarily arise for agents who have

a correctly specified model. Second, it highlights how endogenous learning might exac-

erbate the extent of underestimation for overconfident agents.

3.2.1 Overview

We focus on a simple decision environment where the agent is uncertain about her

ability and an external fundamental that affects the output she generates. The agent

periodically takes an action and receives a noisy feedback on the output she generates.
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More specifically, let a ∈ A = {20, 40, 60, 80, 100} represent the agent’s unchanging ability

and ϕ ∈= [0, 100] represent the unobservable unchanging fundamental. We assume the

fundamental is randomly drawn from the uniform distribution π0 :→ R+ before the

agent starts making her decisions and is independent of the agent’s ability a. The agent

chooses an action et ∈ E = [0, 100] in each period and produces an output y(et, a, ϕ)

with partial derivatives ya ≥ 0, yϕ > 0. In particular, we assume that the output has a

simple functional form

y(et, a, ) = (a+ et)−
e2t
2

After each action, the agent observes a noisy feedback ft on the output she gener-

ates. The feedback is distributed Bernoulli with mean µ(et, a, ϕ) that corresponds to the

normalization of the output function:

µ(et, a, ) =
y(et, a, ϕ)− y

ȳ − y

where ȳ = maxe,a,ϕ y(e, a, ϕ) and y = mine,a,ϕ y(e, a, ϕ).

3.2.2 Objective Model

Fix an ability level for the agent, ao, and her teammate, ϕo. For each effort level et,

there is an objective feedback distribution Qo(·|et) that is a Bernoulli density with mean

µ(et, ao,o ).
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3.2.3 Mental Model

The mental model represents the set of feedback distributions the agent considers

possible a priori. For a fixed objective decision problem Qo, a mental model is a tuple

Q = ⟨Θ, (Qθ)θ∈Θ⟩

where Θ ⊂ A× is the agent’s parameter set and Qθ(·|et) is the action-dependent feedback

distributions parametrized by θ = (a, ϕ) ∈ Θ. While the action-dependent objective feed-

back distribution Qo(·|et) represents the true environment, the mental model represents

the agent’s perception of their environment.

We assume that the agent correctly believes that the map from actions to probability

distributions over feedback is fixed and depends only on their current action, but they

are uncertain about the distribution each action induces. The agent’s uncertainty about

what the true environment Qo(·|et) is captured by their mental model ⟨Θ, (qθ)θ∈Θ⟩ and

a joint density function Π0 : A× → R+ that describes the agent’s prior belief. Following

the previous literature, we call the agent’s mental model correctly specified if the true

parameter vector lies in the support of the agent’s prior beliefs (θo = (ao, ϕo) ∈ Θ), and

otherwise call it misspecified.

We assume that the agent correctly believes that the fundamental is independently

drawn from their own ability and from the uniform distribution π0 with the support . Due

to independence, we can decompose the agent’s prior density Π0(a, ) = p0(a)π0() where

p0 is a probability mass function that describes agent’s prior belief about own ability. In

this environment, we assume that the agent chooses myopically optimal actions at each

period, aiming to maximize the probability of getting a ”positive” feedback and learns

from feedback using Bayes’ rule.
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3.2.4 Overconfidence as a Misspecified Mental Model

Since the agents in this framework have potentially misspecified models of their en-

vironment, we apply the solution concept proposed in (90) to derive the set of possible

limit points of the agent’s learning process.

The equilibrium requires agents’ beliefs to put probability 1 on the set of subjective

feedback distributions that are “closest” to the objective distribution. Building on (91),

(90) shows that the correct notion of “distance” is the Kullback-Leibler divergence in

statistics. It represents a “distance” between the objective output distribution Qo(·|e)

and the family of parametrized subjective distributions (Qθ(·|e))θ∈Θ for a fixed action e:

K(e, θ) = EQo(·|e)log
[Qo(f |e)
Qθ(f |e)

]
Both objective and subjective mental models belonging to the family of Bernoulli

distributions, the KL divergence in our context is simply

K(e, θ) = EQo(·|e)

[
flog

µ(e, ao, ϕo)

µ(e, a, ϕ)
+ (1− f)log

1− µ(e, ao, ϕo)

1− µ(e, a, ϕ)

]
= µ(e, ao, ϕo)log

µ(e, ao, ϕo)

µ(e, a, ϕ)
+ (1− µ(e, ao, ϕo))log

1− µ(e, ao, ϕo)

1− µ(e, a, ϕ)

The set of closest parameter values for the agent given an effort decision e can then

be described as

Θ̂(e) =θ∈Θ K(e, θ)

The interpretation is that Θ̂(e) ⊂ Θ is the set of parameter values that the agent can

believe to be possible after observing feedback consistent with the effort decision e.

A pure strategy Berk-Nash equilibrium of a single agent problem is then a pair of
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action and a belief (e∗,Π∗) that satisfies

i) e∗ ∈e∈E EQ̄Π(·|e)f where Q̄Π =
∫
QθΠ(dθ)

ii) Π∗ ∈ ∆(Θ̂(e∗))

Defining Overconfidence. In this environment, we define an overconfident agent to

be one whose prior on their own ability assigns zero mass on their true ability and is

supported by abilities that are greater than their own ability i.e. a > ao for any a ∈

suppp0(a). Hence an overconfident agent’s mental models are misspecified as θo =

(a0, ϕo) ̸∈ Θ.

Exogenous Learning

We first look at how an overconfident agent learns the fundamental when their action

is fixed and when they are provided with infinite feedback. Fix an effort decision ē.

Assume that for each a ∈ suppp0(a) , there is ϕa ∈ suppπ0(ϕ) such that µ(ē, ao,o ) =

µ(ē, a, ϕa). This assumption ensures that for any fixed action, the agent can always find

a fundamental that explains the observed distribution of feedback irrespective of what

they believe their own ability level to be. This implies KL divergence is minimized at 0

for all (a, ϕa) where a ∈ suppp0(a) and generates the following set of KL minimizers

Θ̂(ē) = {(a, ϕa =
ao + ē

a+ ē
ϕo)|a ∈ suppp0(a)}

Suppose that the agent takes a fixed action ē in all periods and for each a ∈ suppp0(a)

, there exists ϕa ∈ suppπ0(ϕ) such that

µ(ē, ao, ϕo) = µ(ē, a, ϕa)
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Then the agent’s beliefs on (a, ϕ) almost surely converges and concentrates on Θ̂(ē).

Proof: See (91).

Let Πē
∞ be the limiting posterior distribution on (a, ϕ) when the agent repeatedly

chooses effort ē. Then Π∞(a, ϕ) = p0(a)1Θ̂(ē)(a, ϕ).

Proof: By Lemma 3.2.4, Πē
∞(a, ϕ) = 0 whenever (a, ϕ) /∈ Θ̂(ē). Moreover, Θ̂(ē) is

finite since po(a) has finite support. Take (a1, ϕa1) and (a2, ϕa2) ∈ Θ̂(ē),

lim
t→∞

Πt(a1, ϕa1 | f1, .., ft)
Πt(a2, ϕa2 | f1, .., ft)

= lim
t→∞

Π0(a1, ϕa1)

Π0(a2, ϕa2)

Qθ1(f1, .., ft | ē)
Qθ2(f1, .., ft | ē)

= lim
t→∞

Π0(a1, ϕa1)

Π0(a2, ϕa2)

µ(ē, a1, ϕa1)
tf (1− µ(ē, a1, ϕa1))

t(1−f)

µ(ē, a2, ϕa2)
tf (1− µ(ē, a2, ϕa2))

t(1−f)

= lim
t→∞

Π0(a1, ϕa1)

Π0(a2, ϕa2)

µ(ē, ao, ϕo)
tf (1− µ(ē, ao, ϕo))

t(1−f)

µ(ē, ao, ϕo)tf (1− µ(ē, ao, ϕo))t(1−f)

= lim
t→∞

Π0(a1, ϕa1)

Π0(a2, ϕa2)

=
Π0(a1, ϕa1)

Π0(a2, ϕa2)

=
p0(a1)π0(ϕa1)

p0(a2)π0(ϕa2)

=
p0(a1)

p0(a2)

Hence Πē
∞(a, ϕa) = p0(a) for each (a, ϕa) ∈ Θ̂(ē)

A overconfident agent’s learning process leads him to underestimate the fundamental

i.e. whenever min suppp0(a) > ao, EΠē
∞ [ϕ] < ϕo. Proof: For any a ∈ suppp0(a),

ϕa =
ao+ē
a+ē

ϕo < ϕo. Hence EΠē
∞ [ϕ] < ϕo.
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Endogenous Learning

We now look at what the overconfident agent comes to believe about the fundamental

when he is allowed to change his ction in each period in response to his beliefs. In

particular, we are interested in if his inferences about the fundamental improve when

he chooses myopically optimal actions in each period. A Berk-Nash equilibrium for an

overconfident agent with prior p0(a) is a pair (Π∞(a, ϕ), e∗) such that

i) e∗ = EΠ∞ [ϕ] (3.1)

ii) Π∞(a, ϕ) = p0(a)1Θ̂J (e∗)(a, ϕ) (3.2)

where

Θ̂(e∗) = {(a, ϕa =
ao + e∗

a+ e∗
ϕo)|a ∈ suppp0(a)} (3.3)

Assume the equations (3.1) and (3.2) have a solution. Then e∗ = EΠ∞ [ϕ] < ϕo.

Proof: Note that ao+e∗

a+e∗
< 1 for any a ∈ suppp0(a). Then

e∗ = EΠ∞ [ϕ] =
∑

a∈suppp0(a)

p0(a)
ao + e∗

a+ e∗
ϕo < ϕo (3.4)

The above lemma shows that the equilibrium action is lower than the fundamental.

Let Πē
∞ be the limiting posterior distribution when the agent exogenously learns from

data with fixed action ē and let Π∞ be the limiting posterior distribution when the agent

learns endogenously with the optimal action. Then EΠ∞ [ϕ] < EΠē
∞ [ϕ] whenever ē ≥ ϕo.

Proof: Note that for ϕa(ē) =
ao+ē
a+ē

ϕo

sgn
(∂ϕa

∂ē

)
= sgn(a− ao) > 0 (3.5)
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Hence for an overconfident agent (min suppp0(a) > ao), learning from a higher fixed

effort decision leads to a higher belief on ϕ for each KL minimizing pair (a, ϕa). Since

e∗ < ϕo, whenever ē ≥ ϕo

ao + e∗

a+ e∗
ϕo <

ao + ϕo

a+ ϕo

ϕo ≤
ao + ē

a+ ē
ϕo ∀a ∈ suppp0(a) (3.6)

Therefore,

∑
a∈suppp0(a)

p0(a)
ao + e∗

a+ e∗
ϕo <

∑
a∈suppp0(a)

p0(a)
ao + ē

a+ ē
ϕo (3.7)

EΠ∞ [ϕ] < EΠē
∞ [ϕ] (3.8)

Proposition 3.2.4 implies that if the agent starts off with an effort level at or above

the optimal effort level, then the opportunity to change his effort decision in response to

his inferences leads to more incorrect long-run expectations than if he could not change

his effort decision. We call this type of learning self-defeating.

When ē ≥ ϕo, an overconfident agent’s long-run optimal effort decision e∗ is more

inaccurate when he is allowed to change his effort decision in response to his inferences

than a hypothetical optimal effort decision ē∗ he would like to take when he could not

change his effort decision. Proof: Since the optimal effort level is equal to the

expectation of ϕ under the joint feedback, we have e∗ = EΠ∞ [ϕ] < EΠē
∞ [ϕ] = ē∗ < ϕo

Intuitively, the overconfident agent is “surprised” by the negative feedback he observes

when he collects sufficient data to identify the feedback distribution that he faces when he

repeatedly takes an action greater than the first-best action, that is, the action he would

take if he were to know the fundamental. The reason is that the feedback he receives

increases in his ability and hence he expects higher feedback than actually realized. Once
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he identifies a feedback distribution that is lower than his expectation, he attributes the

low output he generated to the fundamental being lower than his expectation. The beliefs

that the agent develop lead him to exert lower than the first best action as his incentives

to take higher actions increase in the fundamental. Since the action he takes increases

the probability of receiving positive feedback when he chooses an action that is lower the

first-best level, he decreases his probability of receiving positive feedback by choosing a

lower action. This provides further negative feedback to the overconfident agent that

“surprises” him, he explains these further negative feedback by lowering his expectations

about the fundamental even further. This process continues until the overconfident agent

is no longer “surprised” about the feedback he receives.

3.2.5 Hypotheses

Hypothesis 1. When the actions are exogenous and fixed at a level ē greater than

the first-best level and if beliefs converge:

• an overconfident agent’s expectation on the fundamental converges to a point that

is less than the fundamental i.e. EΠē
∞ [ϕ] < ϕo

Our second hypothesis is that learning is self-defeating for overconfident agents i.e.

when provided an opportunity to revise their actions in response to their inferences, over-

confident agents’ expectations are further away from the truth.

Hypothesis 2. When the actions are endogenous and if beliefs and actions converge:

• an overconfident agent’s expectation converges to EΠ∞ [ϕ] that satisfies EΠ∞ [ϕ] <

EΠē
∞ [ϕ] < ϕo
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• an overconfident agent’s action converges to a point that is less than the first-best

level

Our third hypothesis involves learning about own ability.

Hypothesis 3. Irrespective of the endogeneity of actions, if beliefs converge:

• an overconfident agent’s expectation on his own ability converges to a point that is

identical to his prior expectation on his own ability i.e. EΠ∞ [a] = EΠ0 [a]

3.2.6 Correctly Specified Mental Models

When the agent’s prior about his own ability assigns some mass to his true ability ao,

his mental model is correctly specified. In this instance, the agent’s beliefs do not need to

converge to his true ability and the true fundamental as he can only exactly identify the

feedback distribution he faces while unable to pin down the underlying parameters (a and

ϕ) of that distribution. The predictions for such agents are ambiguous and prior-specific.

The two examples below show that an agent who has a correctly specified mental model

yet who expects his ability to be greater than his actual ability might 1) grow pessimistic

or optimistic about the fundamental and 2) endogenous learning might either exacerbate

or alleviate the extent of mislearning.

Example 1 (Almost Misspecified). Suppose the agent’s prior on his own ability

p0(a) is such that a ≥ ao for any a ∈ suppp0(a) with p0(ao) ∈ (0, 1). Clearly, Ep0 [a] > ao.

So the agent has a correctly specified model where he expects his ability to be strictly

better than his actual ability. It is easy to see that Lemma 3.2.4 and Proposition 3.2.4

are still valid for this agent. Hence the agent is pessimistic about the fundamental when

he learns under a fixed action and he exhibits self-defeating learning when he is allowed

to change his action in response to his inferences.
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Example 2 (Almost Symmetric Prior Around a0). Suppose the agent’s prior

on his own ability p0(a) is such that suppp0(a) = {a+, ao, a−} where a+ − ao = ao − a−

with p0(a+) = p̄ + ε, p0(ao) = p̄, p0(a−) = p̄ − ε. Again, Ep0 [a] > ao. Since the KL

minimizing belief ϕa = ao+ē
a+ē

ϕo is strictly decreasing and convex in a, EΠē
∞ [ϕ] > ϕo.

Hence the agent becomes optimistic about his teammate’s ability when he learns under

a fixed effort decision. We can use a little bit more algebra to show that the agent’s

expectations about his teammate move closer to the truth when he learns endogenously

compared to the situation where he learns exogenously at the first-best effort level. Hence

his endogenous learning is self-correcting.

3.3 Experimental Design

The objective of the design is to construct a decision environment in which i) agents

are likely to form misspeficied mental models and ii) see if and how these mental models

misguide learning about payoff-relevant decision variables.

Overview

The experiment consists of five parts. At the beginning of each part of the experiment,

we provide subjects with the instructions, familiarize them with the interface and test

their understanding of the rules of the experiment through a series of understanding

quizzes. In the first part of the experiment, we measure the “ability” of our subjects

using Raven matrices framed as an IQ test. In the second part of the experiment, we

elicit subjects’ beliefs about their relative performance on the IQ test compared against

19 randomly selected participants who participated in a pilot session.

The third part of the experiment is the main part where each subject is randomly

assigned to one of our treatments. At the beginning of this part of the experiment, we
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assign subjects different fundamentals. More specifically, we frame the decision environ-

ment as subjects acting as project managers for a company where projects correspond

to fundamentals.2 Subjects’ relative ranking on the IQ test and their assigned funda-

mentals jointly determine the probability of receiving a positive feedback. The assigned

fundamental for each subject remains constant until the end of this part. In each period,

subjects are required to submit actions framed as investment recommendations on their

assigned projects. In order to help them with their decisions, subjects are provided with

special calculators that take their beliefs about their own ability parameter ”a” as an

input and calculate the myopically optimal actions. In treatment Exogenous, subjects

actions are not implemented to generate feedback but they are implemented for their

payment. In treatment Endogenous, subjects’ actions are implemented to generate

feedback and also for the calculation of their payments.

In the fourth part of the experiment, we re-elicit subjects’ beliefs about their ranking

on the IQ test they have taken at the beginning of the experiment. In the fifth and the

final part of the experiment, subjects complete a survey where they are asked to provide

basic demographic information. In both treatments, subjects’ payoffs are determined by

the sum of the amount they made in a randomly selected part (either $25 or $0) and a

show-up fee of $10.

3.3.1 Part 1: Establishing Ability Parameters

The goal of this part of the experiment is to establish an ability parameter for each

subject. We measure subjects’ ability parameters using Raven’s matrices. Subjects are

2Subjects’ task is to recommend investment decisions (actions) to the company that is to be invested
into their assigned projects (fundamentals). Their goal is to maximize their profit (output) from the
project. In each period after they make an investment recommendation, they get an evaluation from the
company if their profit for that period beats the company’s profit expectations or not (Bernoulli feedback
on the output). We choose to frame our decision environment to increase subjects’ understanding of our
relatively complicated decision environment (92).
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introduced to Raven’s matrices as a test of intelligence to accentuate the ego-relevance

of the task and to provide scope for overconfidence. We ask each subject to solve the

same 10 Raven’s matrices, present them in the same order and provide the subjects with

10 minutes to finish the test. Once subjects finish the test, we compare the number of

correctly answered questions to the performance of 19 randomly selected subjects who

took the exact same IQ test in a pilot session of the experiment. Each subject is then

assigned an ”IQ rank score” depending on their ranking within their assigned group of 19

other participants with random tie-breaking. Specifically, a subject that ranks within the

ith quintile is assigned an IQ rank score of 20i. We then establish subjects’ true ability

parameters in the main part of the experiment as their IQ rank scores, i.e. a0 = 20i. We

incentivize subjects by paying them $25 if a randomly selected answer in the IQ test is

correct.

3.3.2 Part 2: Establishing Mental Models

The main goal of this part of the experiment is to elicit prior beliefs on own ability

that we use to establish mental models in the third part of the experiment. In order to

achieve this goal, we ask subjects how they think they rank in their randomly constructed

group of 20 people based on their IQ test scores. The reason we choose to measure relative

overconfidence (or ”overplacement”) rather than absolute overconfidence (or ”overesti-

mation”) is that previous experiments find a greater scope for overconfidence when it is

measured in relative terms.3 Another important design choice is that we ask our subjects

to state their beliefs over quintiles rather than the more conventional way of measuring

overconfidence using 2-quantiles. The reason we ask our subjects to state their full belief

distribution over quintiles is that we want to provide scope for model misspecification

3In particular, research in psychology documents that people ”overplace” themselves in easy tasks
((93), (94)). We specifically choose the Raven matrices to benefit from this ”easy” effect. Indeed, the
average number of correct answers in our experiment is 6.78 out of 10.
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while limiting the complexity of the belief elicitation procedure. The idea is that eliciting

beliefs using smaller quantiles would create situations in which subjects predominantly

assign positive probability to each quantile more frequently which would then render a

majority of our subjects as correctly specified agents. On the other hand, if we elicit

belief using larger quantiles, we complicate the belief elicitation procedure as subjects

are required to state their full belief distribution over each quantile.

In order to simplify the belief elicitation procedure over quintiles, we use five sliders.

Each quintile is associated with a slider. Subjects assign a total likelihood of 100% over

five different quintiles through associated sliders at a precision of two decimal points. We

use a standard incentive compatible mechanism to pay for the belief elicitation ((95)).

A critical design choice here is that we elicit beliefs over quintiles as full belief distri-

bution. Eliciting full belief distribution with high precision allows us to sharply draw

a line between subjects with misspecified mental models and correctly specified mental

models. In this regard, our belief elicitation procedure is a key element of the design as it

allows us to strictly follow the theoretical conceptualization of overconfidence as a model

misspecification.

3.3.3 Part 3: Learning Environment

After establishing an ability parameter for each subject and eliciting subjects’ beliefs

over their ability parameters, the only ingredient that is missing to construct a deci-

sion environment that is identical to our theoretical framework is the assignment of a

fundamental to each subject. At the beginning of this part of the experiment, we ran-

domly draw a fundamental for each subject using a discrete uniform distribution. The

assignment of fundamental being independent from subjects’ ability parameters is clearly

communicated to subjects. Once subjects are assigned fundamentals, each subject faces
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an objective decision environment and they have mental models of their decision envi-

ronments. As the researchers, we can observe both the objective and mental models of

each subject.

Feedback Design and Minimizing Problems Related to Bayesianism

A crucial part of the experiment is the feedback that we provide to our subjects.

Since our predictions are valid under Bayesian learning and the decision environment

of our experiment is fairly complex, we help our subjects substantially make accurate

inferences using the feedback regarding the fundamental. Consistent with the idea that

people’s learning about non-ego relevant variables is more in line with Bayesianism com-

pared to learning about ego-relevant variables, we completely rule out that possibility

that subjects’ learning about the fundamental is inconsistent with Bayesian learning. We

implement this critical feature of the design by providing subjects with a simple report

that we frame as ”the Statistician’s Report” where we show subjects the Bayesian poste-

rior mean of the fundamental conditional on each ability level. The report is updated in

every period based on the feedback generated by the subject up until that period. Figure

3.1 presents an example of these reports.
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Figure 3.1: The Statistician’s Report

Notes: Figure shows an example report. Each row shows how a particular IQ rank score corresponds to

an expected project quality where the expectation is taken over the Bayesian posterior conditional on

the IQ rank score.

Endogeneity of Feedback across Treatments

The only difference between our treatments Exogenous and Endogenous is if the

feedback we provide to subjects is exogenous or endogenous to their actions. In treatment

Exogenous, we provide subjects feedback based on the highest possible action,which is

100, not their actual actions. In contrast, we provide subjects feedback based on their

actual actions in treatment Endogenous. We frame the lack of endogeneity of feedback

to actions in treatment Exogenous as the company not being able to implement the

subjects’ recommended investment decisions immediately and instead investing an origi-

nally planned investment amount of 100 throughout the experiment. On the other hand,

we frame the endogeneity of feedback in treatment Endogenous as the company im-

plementing subjects’ investment recommendations immediately instead of implementing

their originally planned investment amount of 100. Note that we still mention the fact

that there is an originally planned investment amount of 100 in treatment Endogenous

to control for the potential anchoring effects.

The reason we choose the fixed action in treatment Exogenous as the highest pos-
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sible action for each subject is two-fold. First, the predictions on self-defeating learning

requires an exogenous action that is at or above the fundamental in our environment.

Choosing the maximum possible action ensures that this requirement is satisfied irrespec-

tive of the realization of the fundamental. Second, the difference between predictions in

Exogenous and Endogenous treatments in terms of expected fundamentals and chosen

actions increases with the fixed action chosen in Exogenous treatment. Thus, choosing

the highest possible action as the fixed action generates the largest possible treatment

effect in theory.

Myopically Optimal Actions and the Calculator

A crucial element of the literature on learning with misspecified models is that agents

take optimal actions (myopic or dynamic) in each period using their subjective expec-

tations on the decision variables. In order to create an environment that allows our

subjects to easily take myopically optimal actions, we choose a strictly concave output

function that has a unique and simple optimal decision rule that only depends on the

fundamental: ”match your action to your expectation of the fundamental.” We commu-

nicate this simple optimal action rule to our subjects as well as going through the details

of how subjects can arrive at this conclusion on their own. We further test subjects’

understanding of the optimal action rule through understanding quizzes.

We go a step further to make it even easier for our subjects to take myopically

optimal actions by providing them with a calculator that takes their beliefs on their

ability parameter as input and produces the myopically optimal action for that period

as output. Hence for any subjective belief the subjects may have on their own ability

parameter, they can accordingly calculate a myopically optimal action.

We attach the calculator to the Statistician’s Report and ask subjects to enter their

beliefs about their IQ rank score in corresponding rows. Once subjects enter their beliefs,
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the calculator produces the corresponding myopically optimal action using the Statisti-

cian’s Report. More specifically, the calculator calculates a myopically optimal action by

taking a weighted average of the expected project qualities with weights coming from the

subjects’ assigned likelihoods on each IQ rank score. Figure 3.2 provides an example.

Figure 3.2: Calculator

Notes: Figure shows an example report with the calculator attached to it. Subject are asked to enter

their beliefs about their IQ rank score in corresponding rows as input. The calculator then calculates a

myopically optimal action by taking a weighted average of the expected project qualities with weights

coming from the subjects’ assigned likelihoods on each IQ rank score.

We choose to help subjects calculate myopically optimal actions rather than dynam-

ically optimal ones for several reasons. The first and main reason is that myopically

optimal actions are significantly easier to explain to our subjects. Second, investigating

how people learn under myopically optimal actions is of empirical relevance as previous

research documents many instances where people narrowly bracket their decisions. Third,

assuming that subjects’ actions are consistent with myopic optimization allows us to in-

terpret their choices reflecting their mean beliefs on the fundamental in our Endogenous

treatment.4

4Note that subjects’ actions in treatment Exogenous directly correspond to their expectation of the
fundamental as the difference between myopic and dynamically optimal actions vanishes due to the fact
that there is no scope for experimentation in treatment Exogenous, that is, subjects sample from the
same distribution throughout the experiment irrespective of their actions.
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Once a subject provides an input to the calculator and calculates an optimal action,

a decision box appears where subjects are allowed to submit their actions. Figure 3.3

provides an example.

Figure 3.3: Decision Screen - Period 1

Notes: Figure shows an example decision screen. Once a subject provides an input to the calculator and

calculates an optimal action, a decision box appears where subjects are allowed to submit their actions.

Although we require subjects to enter their beliefs about their IQ rank scores and

calculate a myopically optimal action in each period, we still allow our subjects to submit

actions that are distinct from what they obtain from the calculator as they might appre-

ciate actions that are higher than the myopically optimal ones due to their informational

value. The reason we require subjects to use the calculator in each period is to get a

sense of the evolution of their beliefs on their own ability throughout the experiment.

The Amount of Opportunities to Learn

Since our goal is to investigate how subjects with misspecified models learn about an

external fundamental, we design the experiment so that subjects have plenty of opportu-

nities to take actions, generate feedback and learn from the feedback that they generate.
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We create three connected subparts for this part of the experiment. Although the num-

ber of actions subjects take are similar in each subpart, the amount of feedback that is

generated through the implemented action gradually increases.

Subpart 1: Periods 1 to 10

Subjects start this part of the experiment by taking 10 actions. After each action,

subjects get a binary feedback on the implemented action.

Subpart 2: Periods 11 to 100

Starting from the 11th period up to 100th period, subjects take actions every 10

periods, that is, in periods 11,21,31,...,91. We count the actions subjects take in each of

these periods towards the following 9 periods and provide aggregate feedback for every 10

periods. For instance, when a subject takes an action in period 11, the same action also

counts as the action the subject takes for periods 12 to 20. The subject is then provided

aggregate feedback on implemented actions from periods 11 to 20. Subjects take a total

of 9 actions in this subpart and get feedback from 90 periods.

Subpart 3: Periods 101 to 1000

When subjects reach the 101st period, they start taking actions every 100 periods

until period 1000, that is, in periods 101,201,301,...,901. Similar to the previous subpart,

we count the actions subjects take in each of these periods towards the following 99

periods and provide aggregate feedback for every 100 periods. For instance, when a

subject takes an action in period 101, the same action also counts as the action the

subject takes for periods 102 to 200. The subject is then provided aggregate feedback on

implemented actions from periods 101 to 200. Subjects take a total of 9 actions in this

subpart and get feedback from 900 periods.
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Subjects continuously move from the first subpart to the third subpart and are in-

formed of the beginning of a new subpart along the way. The subpart structure we

implement follows from earlier designs carefully studying learning ((74)) and allows us

to generate a significant amount of feedback without increasing the duration of the ex-

periment.

Subjects’ Payments

We incentivize our subjects by paying them a fixed reward of $25 if the feedback in

a randomly chosen period is positive in treatment Endogenous. In treatment Exoge-

nous, we re-draw a feedback for each period that is generated through subjects’ actions

in the experiment. This creates an incentive compatible mechanism for subjects to take

optimal actions in a manner that is equivalent to binarized scoring rule (95).

3.3.4 Part 4: Re-Examining Mental Models

In the fourth part of the experiment, we elicit subjects’ beliefs about their ability

parameter for a second time. Eliciting the full posterior belief distribution after subjects

receive 1000 periods worth of feedback on their own ability allows us to answer if subjects

retain their initial mental models or switch to alternative models.

The belief elicitation procedure is identical to the second part of the experiment.

Subjects use five sliders to indicate their beliefs about which quintile their rank in their

randomly constructed group of 20 people based on their IQ test scores. We use binarized

scoring rule to incentivize subjects to truthfully report their beliefs about their IQ rank

score.
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3.3.5 Part 5: Exit Survey

We finalize the experiment by asking subjects control questions about their gender,

their year of study, if they are enrolled in a STEM major and if they have taken a

college-level statistics class.

3.3.6 Procedural Details

We conducted our experiment online using the subject pool of UCSB Experimental

and Behavioral Economics Laboratory. The experiment was coded using o-Tree software

((69)). A total of 124 subjects, recruited through ORSEE (Online Recruitment System

For Economic Experiments) (? ). The average payment per subject was $27.6 including

a $10 show-up fee. Each session lasted for 105 minutes.

3.4 Results

3.4.1 Identifying Misspecified Mental Models

We define an overconfident agent as one whose prior belief assigns zero mass on

their true and all lower level IQ rank scores. Our clear identification strategy directly

follows from the theoretical conceptualization of overconfidence as a misspecified mental

model. Note that our conceptualization of overconfidence is more stringent than the

typical conceptualization of overconfidence as having mean or median beliefs laying above

the actual ”ability” parameter. Figures 3.4 and 3.5 respectively display examples of

overconfident subjects and subjects with correctly specified mental models.
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Figure 3.4: Overconfidence as a Misspecified Mental Model

Notes: Figure shows the prior beliefs of selected subjects on their IQ rank scores. The grey bars display

subjects’ true IQ rank scores. The red bars display subjects’ priors as probability mass functions.

We identify a total of 42 overconfident subjects (out of 124) distributed almost evenly

across our two treatments Exogenous and Endogenous. The share of overconfident

subjects in treatment Exogenous is 31.25% whereas the share of overconfident subjects

in treatment Endogenous is 34.4%. The fact that we generate a significant amount of

model misspecification through a simple task lends support to the main premise of the

theoretical literature that people might form priors that sharply exclude the possibility

of truth. We do not identify underconfidence as a model misspecification in our data, all

remaining subjects in our experiment assigns some positive mass on their true IQ rank

score.
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Figure 3.5: Correctly Specified Mental Models

Notes: Figure shows the prior beliefs of selected subjects on their IQ rank scores. The grey bars display

subjects’ true IQ rank scores. The red bars display subjects’ priors as probability mass functions.

3.4.2 Do Misspecified Mental Models Generate Suboptimal Be-

havior?

In this subsection, we aim to answer two questions. First, we ask if overconfident

subjects’ learning processes lead them to take suboptimal actions. Second, we ask how

overconfident and correctly specified subjects’ actions compare against the myopically

optimizing Bayesian benchmark.
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A First Look at How Overconfidence Generates Growingly Suboptimal Be-

havior

Figure 3.6 shows the evolution of actions for overconfident and correctly specified

subjects when we aggregate the data from treatments Exogenous and Endogenous.

Since subjects’ fundamentals are drawn uniform randomly over integers from 0 to 100,

we expect the fundamentals and hence the first-best optimal actions to average around

50. Indeed, Panel A of Figure 3.6 shows that average first-best optimal action, that is the

action a subject would take if they were to know the true fundamental, for overconfident

subjects is 53 and the average first-best optimal action for correctly specified subjects

is 50.73. We find that correctly specified subjects’ learning process do not lead them

away from the first-best optimal action, the average action for correctly specified agents

remain around the first-best optimal action throughout the experiment and moves closer

to the first-best optimal action starting from period 11.

The behavior of overconfident subjects is dramatically different from correctly speci-

fied subjects. We find that overconfident subjects start out by taking higher actions than

the first-best optimal actions reflecting their optimistic beliefs about the fundamental.

After 10 periods, we find overconfident subjects start taking actions that are significantly

lower than the first-best optimal action, reflecting their pessimistic beliefs about the fun-

damental and persistently keep doing so for the remainder of the experiment. By Period

901, we find a clear difference in behavior among overconfident and correctly specified

subjects: overconfident subjects are on average taking actions that are significantly lower

than optimal whereas correctly specified subjects on average are taking optimal actions.

Panel B of Figure 3.6 shows that the stark difference in behavior we observe is con-

sistent with the theoretical predictions. When we simulate Bayesian learning with my-

opically optimal actions for each subject taking their mental models as given, we find

112



Mental Models and Endogenous Learning Chapter 3

that correctly specified subjects should take an average action of 49.05 in Period 901,

whereas overconfident subjects should take an average action of 36.37. The difference in

simulated average actions between correctly specified and overconfident subjects is signif-

icant (p < 0.01). We find that correctly specified agents take actions that are consistent

with Bayesian learning. On the other hand, although overconfident subjects’ actions are

moving towards the simulated Bayesian action, the average action is still far away from

the simulated Bayesian action.

Figure 3.6: Evolution of Actions

Notes: Both Panel A and Panel B show the average action for correctly specified and overconfident subjects across periods.

Panel A presents the first-best optimal action as a benchmark. The blue dashed line in Panel A represents the average

first-best optimal action for correctly specified subjects. The red dashed line in Panel A represents the average first-best

optimal action for overconfident subjects. Panel B presents the average action a myopically optimizing Bayesian agent

would take in the last period of the experiment as a benchmark. The simulations are conducted using each subject’s

prior beliefs about their abilities. The blue dashed line in Panel B represents the average simulated Bayesian action for

correctly specified subjects whereas the red dashed line in Panel B represents the average simulated Bayesian action for

overconfident subjects.

Statistical Differences in Learning with and without a Misspecified Model

We use a displacement measure ∆OPT = e− e∗(ϕ0) to capture how far each action e

is relative to the first-best optimal action. Note that this measure is positive for actions
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that are greater than the first-best optimal action and negative for actions that are

smaller than the first-best optimal action. We then estimate the following displacement-

from-benchmark regression in different periods: ∆OPT = α + βM + ε where α captures

displacement from first-best optimal action for correctly specified subjects,M is a dummy

variables that takes the value 1 for overconfident subjects, β captures the difference in

displacement-from-benchmark for overconfident subjects and ε is an error term.

Table 3.1 presents the estimation results. First, note that correctly specified subjects

do not significantly displace themselves from the first-best optimal action neither at the

beginning nor towards the end of the experiment. On the other hand, we find that

overconfident subjects start out positively yet not significantly displacing themselves

from the first-best optimal action (p = 0.48). However, we find that initial positive

displacement of overconfident subjects turn significantly and persistently negative in the

later periods of the experiment. In particular, throughout the last 400 periods of the

experiment, overconfident subjects displace themselves around 10 points away from the

first-best optimal action. Figure C1.1 in Appendix C.1 presents these patterns in detail.
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Table 3.1: Estimation of the Effect of Overconfidence on Displacement Relative to the

First-Best Optimal Action

Dependent Variable: ∆OPT

(1) (2) (3) (4)

β 5.087 -10.13∗∗ -11.03∗∗∗ -9.662∗∗

(6.348) (3.231) (3.032) (2.887)

α -1.326 -0.293 -0.217 -1.113

(3.556) (2.184) (2.195) (1.746)

Observations 128 128 128 128

Period 1 501 701 901

Notes: The table presents the average displacement relative to the first-best

optimal action for correctly specified and overconfident agents. Each column

conducts the estimation ∆OPT = α+ βM + ε for the indicated period. Each

observation in a period corresponds to an individual action. The observations

within periods aggregated across treatments Exogenous and Endogenous.

We use a second displacement measure ∆BAY ES = e − e∗(EΠsim
[ϕ]), where Πsim is

the simulated posterior distribution on ϕ in the last period of the experiment, to capture

how far each action e is relative to the simulated Bayesian action for the last period in

the experiment.56 We separately estimate a displacement-from-benchmark regression for

correctly specified and overconfident subjects in different periods: ∆BAY ES = α+ε where

α captures displacement from the simulated Bayesian action for either correctly specified

5To be more precise, e∗(EΠsim
[ϕ]) is the action that a myopically optimizing Bayesian agent would

take in the last period of the experiment.
6Similarly, this measure is positive for actions that are greater than the simulated Bayesian action

and negative for actions that are smaller than the simulated Bayesian action.
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or overconfident subjects, and ε is an error term.

Table 3.2: Estimation of Displacement Relative to the Simulated Bayesian Action

Panel A: Correctly Specified Panel B: Overconfident

(1) (2) (3) (4) (1) (2) (3) (4)

α 0.357 1.389 1.465 0.570 20.40∗∗∗ 6.208∗∗∗ 5.389∗∗ 5.861∗

(3.427) (1.955) (1.965) (1.475) (4.296) (1.687) (1.567) (2.214)

Observations 86 86 86 86 42 42 42 42

Period 1 501 701 901 1 501 701 901

Notes: The table presents the average displacement from the simulated Bayesian action relative to the last period for correctly

specified and overconfident agents. Each column conducts the estimation ∆BAY ES = α + ε for the indicated period. Each

observation in a period corresponds to an individual action. The observations within periods are aggregated across treatments

Exogenous and Endogenous.

Table 3.2 presents the estimation results. Note that correctly specified subjects on av-

erage do not displace themselves from the simulated Bayesian action. On the other hand,

overconfident subjects are systematically over the simulated Bayesian action. However,

we see that the extent of displacement for the overconfident subjects is getting smaller

as subjects move along the experiment’s time horizon. Figure C1.2 in Appendix C.1

presents these patterns in detail.

We summarize our findings in this subsection in the following result:

Result 1 Overconfident subjects’ learning processes lead them to take growingly subop-

timal actions throughout the experiment’s time horizon. On the other hand, correctly

specified subjects’ learning processes do not generate a systematic deviation from the

first-best optimal action throughout the experiment. Moreover, overconfident subjects’

learning processes yield outcomes that are less suboptimal than the Bayesian prediction

while correctly specified subjects’ learning process is fully consistent with the Bayesian
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prediction.

3.4.3 Does Endogenous Learning Exacerbate Suboptimal Be-

havior?

In this subsection, we aim to answer if endogenous learning exacerbate suboptimal

behavior when the feedback subjects receive is endogenous to their actions. Theoretical

predictions are such that endogenous learning should exacerbate overconfident agents’

suboptimal behavior. For correctly specified agents, the theory’s predictions are ambigu-

ous. However, using simulations, we find that endogenous learning should not lead to a

change in behavior for correctly specified subjects by the end of the experiment. We start

this subsection by comparing the behavior of overconfident subjects in Exogenous and

Endogenous. We then turn to correctly specified subjects and compare their behavior

across treatments.

Behavior of Overconfident Subjects

Figure 3.7 shows the evolution of displacement relative to the first-best optimal action

for overconfident subjects in Exogenous and Endogenous. We find that overconfident

subjects in both treatments start out with actions that are close to the first-best optimal

action. In both treatments, subjects exhibit negative displacement over time and we find

that overconfident subjects in Endogenous exhibit greater negative displacement start-

ing with Period 10. However, the difference in negative displacement vanishes towards

the end of the experiment. Panel B provides further insights as to why we see the differ-

ence between the treatments vanish towards the end of the experiment. Overconfident

subjects in Exogenous persistently move closer to the Bayesian prediction and meets

the Bayesian prediction in the final period of the experiment whereas overconfident sub-
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jects in Endogenous decelerate their move towards the Bayesian prediction towards the

end of the experiment.

Figure 3.7: Evolution of Displacement for Overconfident Subjects

Notes: Panel A shows the average displacement relative to the first-best optimal action for overconfident subjects in

treatment Exogenous and Endogenous across periods. Panel B shows the average displacement relative to the simulated

Bayesian action for overconfident subjects in treatment Exogenous and Endogenous across periods. Each observation

in a period corresponds to an individual action.

Table 3.3 provides the estimates of the treatment effect using displacement rel-

ative to the first-best optimal action as a benchmark. We estimate the regression

∆OPT = α + θT + ε where α captures the average displacement-from-benchmark for

subjects in Exogenous, T is a dummy variable that takes the value 1 for subjects in

Endogenous, θ captures the treatment effect and ε is an error term. The estimates for α

across periods clearly show that overconfident subjects’ actions in Exogenous growingly

and significantly moves away from to the first-best optimal action exhibiting negative dis-

placement from Period 1 to 901. On the other hand, the estimates for θ across periods

show that there is no significant exacerbation of displacement for overconfident subjects

in Endogenous. Table C1.1 provides statistical evidence that overconfident subjects in

Exogenous act consistent with the Bayesian prediction by Period 901, while the behav-
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ior of overconfident subjects remain markedly different from the Bayesian prediction by

Period 901.

Table 3.3: Estimation of the Treatment Effect for Overconfident Subjects

Dependent Variable: ∆OPT

(1) (2) (3) (4)

θ 7.373 -7.683 -5.076 1.627

(10.51) (4.633) (4.127) (4.677)

α -0.100 -6.404∗ -8.588∗∗ -11.63∗∗

(6.604) (2.889) (2.564) (3.410)

Observations 42 42 42 42

Period 1 501 701 901

Notes: The table presents the average displacement relative to the first-

best optimal action for overconfident agents. Each column conducts the

estimation ∆OPT = α+ βT + ε for the indicated period. Each observation

in a period corresponds to an individual action.

Behavior of Correctly Specified Subjects

Panel A of Figure 3.8 displays the evolution of displacement relative to the first-best

optimal action for overconfident subjects in Exogenous and Endogenous. There is

no discernible difference between the actions of correctly specified subjects in our treat-

ments. We see that in both treatments behavior remains close to the first-best optimal

benchmark throughout the experiment. Panel B of Figure 3.8 displays the evolution

of displacement relative to the simulated Bayesian actions. Again, we do not see any
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systematic deviation from the Bayesian benchmark for the duration of the experiment.

Figure 3.8: Evolution of Displacement for Correctly Specified Subjects

Notes: Panel A shows the average displacement relative to the first-best optimal action for correctly specified subjects in

treatment Exogenous and Endogenous across periods. Panel B shows the average displacement relative to the simulated

Bayesian action for overconfident subjects in treatment Exogenous and Endogenous across periods. Each observation

in a period corresponds to an individual action.

Table 3.4 provides the estimates of the treatment effect using displacement relative

to the first-best optimal action as a benchmark. We estimate the identical displacement-

from-benchmark regression ∆OPT = α + θT + ε for correctly specified subjects. The

estimates for α show that subjects in Exogenous exhibit negative displacement towards

the end of the experiment although the magnitude of this move in each period is insignif-

icant. The estimates for θ in each period indicate that subjects in Endogenous do not

take significantly different actions compared to the subjects in Exogenous. Table C1.2

further documents that the subject behavior in both Exogenous and Endogenous are

consistent with the simulated Bayesian action by the end of the experiment.
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Table 3.4: Estimation of the Treatment Effect for Correctly Specified Subjects

Dependent Variable: ∆OPT

(1) (2) (3) (4)

θ -11.32 7.426 1.965 4.209

(7.025) (4.298) (4.370) (3.462)

α 4.205 -3.920 -1.177 -3.168

(5.038) (3.212) (3.535) (2.626)

Observations 86 86 86 86

Period 1 501 701 901

Notes: The table presents the average displacement relative to the first-

best optimal action for correctly specified subjects. Each column conducts

the estimation ∆OPT = α+ θT + ε for the indicated period. Each obser-

vation in a period corresponds to an individual action.

We summarize our findings from this subsection in the following result:

Result 2 Contrary to the theoretical prediction, endogenous learning does not exacer-

bate the extent of suboptimal behavior for overconfident subjects. Similarly, although now

consistent with the theory, we do not detect a change in behavior for correctly specified sub-

jects when feedback is endogenous to their actions. Moreover, we find that overconfident

subjects’ behavior deviates from the Bayesian benchmark when feedback is endogenous but

not when feedback is exogenous. On the other hand, correctly specified subjects behavior

do not deviate from the Bayesian benchmark irrespective of the endogeneity of feedback.
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3.4.4 Learning About One’s Self

We have so far investigated how subjects learn about the external decision variable in

their environment. In this subsection, we turn to how subjects learn about their “ability”

parameters. A Berk-Nash equilibrium of the single agent problem we investigate is one

in which beliefs about the ability parameter concentrate on the prior where there is no

self-learning as we have discussed earlier. Simulating a Bayesian learning model for the

finite duration of our experiment yields posteriors consistent with this equilibrium by

the end of the experiment, that is Period 1000. Simulations also confirm that there

should be no self-learning for the duration of the experiment in subjects in Exogenous.

We start this subsection by first looking at how overconfident subjects learn about their

ability compared to correctly specified subjects at the aggregate. We then look at how

endogenous learning affects learning about self for overconfident and correctly specified

subjects.

Throughout this subsection, we use a displacement measure ∆a = Ep[a] − a0 to

capture how far each expected ability level Ep[a] is relative to the true ability a0 where

the expectation is taken using the probability mass function p on a. Note that this

measure is positive for beliefs that generate an expected ability level that is greater than

the true ability level.

Differences in Self-Learning between Overconfident and Correctly Specified

Subjects

Figure 3.9 presents a comparison of the displacement of expected abilities relative to

the true ability using three different probability mass functions: subject’s elicited prior

on their ability, subject’s elicited posterior on their ability and the simulated Bayesian

posterior for the subject. Panel A shows that overconfident agents’ expectations of their
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abilities move towards their true abilities after receiving 1000 periods worth of feedback.

This move is significant at conventional levels (p = 0.02). The significant reduction

in displacement relative to the true ability is also inconsistent with Bayesian learning.

We find that subjects’ posterior means average 5.96 lower than the simulated Bayesian

posteriors (p = 0.04). Panel B documents that correctly specified agents’ posterior

expectations about their abilities do not significantly differ from their prior expectations

(p = 0.16) or the Bayesian benchmark (p = 0.21).

Figure 3.9: Displacement of Expected Ability Relative to the True Ability

Notes: Figure shows the average displacement of expected ability levels relative to the true abilities using subjects’ priors,

posteriors, and simulated Bayesian posteriors. Panel A focuses on overconfident subjects where as Panel B focuses on

correctly specified subjects. The black dashed line indicates the Bayesian benchmark. Whiskers indicate 95% confidence

intervals.

One might then be curious if overconfident subjects move their expectations on their

abilities towards their true abilities within the confines of their initial mental models.

Table 3.5 provides evidence on how subjects’ learning processes may lead them to com-

pletely switch their mental models. Although the majority of overconfident subjects

stick with their initial mental models, we find that 22% of overconfident subjects end

up assigning some probability to their true ability level after receiving feedback for 1000
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periods. On the other hand, 13% of correctly specified subjects end up assigning no

probability their true ability level at the end of their learning process.

Table 3.5: Switching Mental Models

Posterior Models

Overconfident Correctly Specified Underconfident

Prior

Models

Overconfident 78% 22% 0%

Correctly Specified 13% 85% 2%

How Does Endogeneity of Feedback Affect Self-Learning for Overconfident

Subjects?

According to the Bayesian benchmark, there is no difference in self-learning depending

on the endogeneity of feedback. We expect overconfident subjects to exhibit virtually no

self-learning in both Exogenous and Endogenous after 1000 periods. Panel A of Figure

3.10 documents that subjects in Exogenous somewhat learn their true ability after 1000

periods as the expected posterior beliefs show a smaller displacement from the true ability.

The difference in prior and posterior means is insignificant (p = 0.10) and subjects’

posterior mean is consistent with Bayesian posterior mean (p = 0.17). On the other

hand, Panel B documents that posterior means of subjects in Endogenous considerably

move towards their true abilities, yet the move is not significant at conventional levels

(p = 0.07).
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Figure 3.10: Displacement of Expected Ability Relative to the True Ability - Overconfi-

dent Subjects

Notes: Figure shows the average displacement of expected ability levels relative to the true abilities using subjects’ priors,

posteriors, and simulated Bayesian posteriors. Panel A focuses on overconfident subjects in Exogenous where as Panel

B focuses on overconfident subjects in Endogenous. The black dashed line indicates the Bayesian benchmark. Whiskers

indicate 95% confidence intervals.

An important point that is worth emphasizing here is the increased self-learning with

endogenous feedback is consistent with our earlier finding that endogenous learning does

not exacerbate suboptimal behavior. If endogeneity of feedback leads subjects to better

learn their own abilities, then subjects should take actions that are closer to the first-best

optimal action in the main part of the experiment.

How Does Endogeneity of Feedback Affect Self-Learning for Correctly Spec-

ified Subjects?

As in the case of overconfidence, Bayesian learning does not predict subjects’ self-

learning to depend on the endogeneity of feedback. We expect no difference in mean prior

and posterior beliefs for subjects in Exogenous and Endogenous. Panel A of Figure

3.11 confirms the Bayesian prediction for subjects in Exogenous: there is virtually

no difference in prior and posterior means (p = 0.92). On the other hand, we find
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posterior means to move significantly closer to the subjects’ true abilities in Endogenous

(p = 0.04). The difference in posterior and the Bayesian posterior means in Endogenous

is also significant (p = 0.03).

Figure 3.11: Displacement of Mean Beliefs Relative to the True Ability - Correctly Spec-

ified Subjects

Notes: Figure shows the average displacement of expected ability levels relative to the true abilities using subjects’ priors,

posteriors, and simulated Bayesian posteriors. Panel A focuses on correctly specified subjects in Exogenous where as

Panel B focuses on correctly specified subjects in Endogenous. The black dashed line indicates the Bayesian benchmark.

Whiskers indicate 95% confidence intervals.

We summarize our findings from this subsection in the following result:

Result 3 Inconsistent with Bayesian learning, overconfident subjects’ posterior expec-

tations about their ability significantly move closer to their true abilities. On the other

hand, consistent with Bayesian learning, correctly specified subjects’ prior and posterior

expectations about their own ability do not differ. Moreover, both overconfident and cor-

rectly specified subjects exhibit greater self-learning when feedback is endogenous to their

actions.
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3.5 Conclusion

In this paper we use people’s tendency to hold optimistic beliefs about their abilities

to generate model misspecification and investigate the implications of overconfidence as

a misspecified mental model on learning about own ability and a fundamental. We find

that overconfident subjects develop pessimistic beliefs about the fundamental and take

growingly suboptimal actions. On the other hand, we find that endogenous feedback

does not exacerbate the extent of suboptimal behavior: a result that is inconsistent with

the theoretical prediction. When we look at how subjects learn about their own ability,

we find that 1000 periods’ worth of objective feedback lead some overconfident subjects

to open their models to the possibility of truth. The ”weakening” of mental models we

observe is consistent with previous evidence. Complementing the nascent experimental

literature on learning with misspecified mental models, we find that the ”weakening” of

mental models is more pronounced with endogenous feedback, explaining why endogenous

feedback may not exacerbate the extent of suboptimal behavior.
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A.1 Additional Results

Table A1.1: Differences in Optimality Measures Across Debt Treatments

Optimality Rate Correct Allocation Rate

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

Debt Interest Rate 0.0342 -0.0303 -0.0121 -13.41 -20.90 -4.441

(0.0810) (0.0848) (0.0579) (17.98) (18.23) (12.89)

Constant 0.224 0.251 0.188 332.4 341.4 318.5

(0.0583) (0.0688) (0.0435) (12.76) (15.20) (10.29)

Observations 387 1573 2605 387 1573 2605

R2 0.002 0.001 0.000 0.002 0.006 0.000

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

Note: Each column reports the effect of being assigned to Debt Interest Rate treatment on some optimality measure using an

OLS regression. In Columns 1,2 and 3, the dependent variable is a dummy that takes the value 1 if the allocation made is

optimal. In Columns 3,4 and 5, the dependent variable is the amount of allocation made to the high interest rate card which

takes a value between 0 and 500. Columns 1 and 4 restrict the sample to observations from the first period in each stage where

the subject acquires interest rate information and solves at least one optimization question correctly. Columns 2 and 5 restrict

the sample to observations where the subject acquires interest rate information and solves at least one optimization question

correctly. Columns 3 and 6 execute the same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.
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Table A1.2: Differences in Optimality Measures Across Debt Treatments with Demo-

graphic Controls

Optimality Rate Correct Allocation Rate

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

DR -0.0121 -0.00259 -0.0742 -4.441 -2.351 -13.76

(0.0579) (0.0531) (0.0512) (12.89) (11.87) (12.50)

Math Score 0.265 0.126 58.36 36.65

(0.0760) (0.0597) (16.84) (13.98)

Gender -0.180 -30.81

(0.0649) (15.42)

STEM/Economics 0.163 22.55

(0.0532) (12.86)

Constant 0.188 0.0563 0.213 318.5 289.6 317.3

(0.0435) (0.0392) (0.0709) (10.29) (9.457) (17.29)

Observations 2605 2605 2605 2605 2605 2605

Note: Column 1 to 3 represent the differences in the share of optimal allocations between Debt Balance and Debt

Interest Rate treatments. The dependent variable Optimal is a dummy variable that takes the value 1 if the allocation

is made optimally. Column 4 to 6 represent the differences in the amount of correctly made allocations between

DB and DR. The dependent variable is the amount of allocation made on the high interest rate card which takes

a value in between 0 and 500. The unit of observation is subject x period. The term DR is a dummy variable that

takes the value 1 for observations made under Debt Interest Rate treatment. Math Score is a discrete variable that

takes values [0,0.25,0.5,0.75,1] representing the percentage of correct answers to four optimization problems. Gender

is a dummy variable that takes the value 1 for female subjects. STEM/Economics is a dummy variable that takes

the value 1 for subjects whose majors are either STEM or Economics. Standard errors in parentheses. Errors are

clustered at the subject level.
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Table A1.3: Estimation of Repayments Across Debt Treatments

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

Higher Interest Rate 137.8 151.0 135.2 164.0 184.5 140.7
(25.40) (21.79) (16.80) (25.67) (31.58) (21.27)

Higher Balance 182.8 147.6 136.7 109.7 80.83 91.95
(25.65) (15.32) (12.24) (16.61) (16.78) (14.97)

DR x Higher Interest Rate -26.21 -33.47 -5.442
(35.98) (38.26) (27.05)

DR x Higher Balance 73.09 66.80 44.75
(30.39) (22.64) (19.29)

DR -24.23 -4.473 -13.70
(21.19) (20.45) (16.85)

Constant 93.01 106.9 118.5 117.2 111.4 132.2
(16.06) (12.40) (10.10) (13.96) (16.34) (13.53)

Observations 186 928 1288 387 1573 2605
R2 0.477 0.445 0.433 0.452 0.430 0.370
Period First All All First All All
Restrict to Optimizers Yes Yes No Yes Yes No
Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No
βHigherInterestRate = βHigherBalance p = 0.27 p = 0.90 p = 0.94

βDRxHigherInterestRate = 0 p = 0.47 p = 0.39 p = 0.84

βDRxHigherBalance = 0 p = 0.02 p = 0.0044 p = 0.02

Note: Columns 1 to 3 estimate, using OLS, how having a higher interest rate and a higher balance on a card affects the allocations made towards that card
in Debt Interest Rate treatment. The dependent variable is the amount of allocation made on the left card (without loss of generality) which takes a value in
between 0 and 500. The regressors Higher Interest Rate and Higher Balance are two dummy variables that takes the value 1 whenever the interest rate and
the balance on the left card, respectively, is higher compared to the right card. Columns 4 to 6 estimate, using OLS, how having a higher interest rate and a
higher balance on a card affect the allocations made towards that card using observations from both Debt Interest Rate and Debt Balance treatments. The
term DR is a dummy variable that takes the value 1 if the allocation is made under Debt Interest Rate treatment. The terms DR x Higher Interest Rate and
DR x Higher Balance are interaction variables. Period indicates if the analysis is limited to the first period decisions or not. Restrict to Optimizers indicate if
the analysis is limited to subjects who can solve optimization problems. Restrict to Interest Rate Acquirers indicate if the analysis is limited to observations
where the subjects acquired interest rate information before making their decisions. The last part of the table reports the parametric test results on estimated
coefficients through associated p-values. Standard errors in parentheses. Errors are clustered at the subject level.
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Table A1.4: Estimation of Repayments Across Debt Treatments with Demographic Con-

trols

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

Higher Interest Rate 137.4 150.5 135.1 164.5 184.7 140.9

(25.36) (21.41) (16.57) (25.70) (31.64) (21.27)

Higher Balance 182.8 147.7 136.8 109.8 80.92 91.95

(25.79) (15.29) (12.23) (16.65) (16.78) (14.97)

Gender -12.68 -19.39 -8.734 13.26 0.723 -1.794

(13.20) (7.063) (7.937) (12.27) (9.171) (7.340)

STEM/Economics -8.656 -3.355 8.926 11.66 4.803 7.012

(13.32) (7.674) (7.837) (10.64) (8.624) (5.495)

DR x Higher Interest Rate -26.38 -33.72 -5.477

(36.10) (38.29) (26.95)

DR x Higher Balance 73.00 66.70 44.78

(30.46) (22.63) (19.29)

DR -22.06 -4.875 -15.15

(21.54) (21.04) (17.45)

Constant 104.8 119.1 119.1 101.3 108.6 131.0

(21.16) (13.01) (13.10) (21.32) (19.00) (15.61)

Observations 186 928 1288 387 1573 2605

R2 0.479 0.449 0.435 0.453 0.430 0.370

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

βHigherInterestRate = βHigherBalance p = 0.27 p = 0.92 p = 0.93

βDRxHigherInterestRate = 0 p = 0.47 p = 0.38 p = 0.84

βDRxHigherBalance = 0 p = 0.02 p = 0.0044 p = 0.02

Note: The table executes the analysis in Table A1.3 with demographic controls. Gender is a dummy variable that takes the value

1 for female subjects. STEM/Economics is a dummy variable that takes the value 1 for subjects whose majors are either STEM or

Economics. Standard errors in parentheses. Errors are clustered at the subject level.
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Table A1.5: Differences in Optimality Measures Across Balance Treatments

Optimality Rate Correct Allocation Rate

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

Investment Balance 0.237 0.247 0.242 46.14 50.13 48.19

(0.0960) (0.110) (0.0759) (21.78) (23.91) (18.53)

Constant 0.224 0.251 0.188 332.4 341.4 318.5

(0.0583) (0.0689) (0.0435) (12.77) (15.21) (10.29)

Observations 353 1095 2452 353 1095 2452

R2 0.063 0.065 0.069 0.026 0.031 0.028

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

Note: Each column reports the effect of being assigned to Investment Balance treatment on some optimality measure using

an OLS regression. In Columns 1,2 and 3, the dependent variable is a dummy that takes the value 1 if the allocation made is

optimal. In Columns 3,4 and 5, the dependent variable is the amount of allocation made to the high interest rate account which

takes a value between 0 and 500. Columns 1 and 4 restrict the sample to observations from the first period in each stage where

the subject acquires interest rate information and solves at least one optimization question correctly. Columns 2 and 5 restrict

the sample to observations where the subject acquires interest rate information and solves at least one optimization question

correctly. Columns 3 and 6 execute the same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.

133



Chapter A

Table A1.6: Differences in Optimality Measures Across Balance Treatments with Demo-

graphic Controls

Optimality Rate Correct Allocation Rate

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

IB 0.242 0.268 0.162 48.19 55.54 40.24

(0.0759) (0.0725) (0.0868) (18.53) (17.47) (20.13)

Math Score 0.221 0.191 61.97 59.84

(0.0964) (0.0854) (24.05) (23.05)

Gender -0.287 -49.35

(0.0874) (21.66)

STEM/Economics 0.0432 -3.269

(0.0771) (18.99)

Constant 0.188 0.0643 0.300 318.5 283.9 326.7

(0.0435) (0.0520) (0.0969) (10.29) (13.89) (23.08)

Observations 2452 2452 2452 2452 2452 2452

R2 0.069 0.102 0.182 0.028 0.053 0.076

Note: Column 1 to 3 represent the differences in the share of optimal allocations between Debt Balance and In-

vestment Balance treatments. The dependent variable Optimal is a dummy variable that takes the value 1 if the

allocation is made optimally. Column 4 to 6 represent the differences in the amount of correctly made allocations

between DB and IB. The dependent variable is the amount of allocation made on the high interest rate card which

takes a value in between 0 and 500. The unit of observation is subject x period. The term IB is a dummy variable

that takes the value 1 for observations made under Debt Interest treatment. Math Score is a discrete variable that

takes values [0,0.25,0.5,0.75,1] representing the percentage of correct answers to four optimization problems. Gender

is a dummy variable that takes the value 1 for female subjects. STEM/Economics is a dummy variable that takes

the value 1 for subjects whose majors are either STEM or Economics. Standard errors in parentheses. Errors are

clustered at the subject level.
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Table A1.7: Estimation of Repayments Across Balance Treatments

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

Higher Interest Rate 255.1 271.1 221.3 164.0 184.5 140.7

(35.20) (34.66) (29.02) (25.70) (31.62) (21.28)

Higher Balance 62.05 71.58 90.21 109.7 80.83 91.95

(33.79) (27.56) (23.99) (16.63) (16.81) (14.97)

IB x Higher Interest Rate 91.08 86.64 80.63

(43.27) (46.62) (35.82)

IB x Higher Balance -47.62 -9.246 -1.741

(37.33) (32.02) (28.14)

IB -10.44 -16.79 -25.69

(29.68) (33.27) (23.84)

Constant 106.8 94.58 106.5 117.2 111.4 132.2

(26.47) (29.30) (19.76) (13.98) (16.36) (13.54)

Observations 152 450 1135 353 1095 2452

R2 0.430 0.502 0.414 0.428 0.461 0.374

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

βHigherInterestRate = βHigherBalance p = 0.01 p = 0.0001 p = 0.0027

βIBxHigherInterestRate = 0 p = 0.04 p = 0.07 p = 0.03

βIBxHigherBalance = 0 p = 0.21 p = 0.77 p = 0.95

Note: Columns 1 to 3 estimate, using OLS, how having a higher interest rate and a higher balance on a fund affects the allocations made towards that fund

in Investment Balance treatment. The dependent variable is the amount of allocation made on the left fund (without loss of generality) which takes a value

in between 0 and 500. The regressors Higher Interest Rate and Higher Balance are two dummy variables that takes the value 1 whenever the interest rate

and the balance on the left fund, respectively, is higher compared to the right account. Columns 4 to 6 estimate, using OLS, how having a higher interest

rate and a higher balance on an account affect the allocations made towards that account using observations from both Investment Balance and Debt Balance

treatments. The term IB is a dummy variable that takes the value 1 if the allocation is made under Investment Balance treatment. The terms IB x Higher

Interest Rate and IB x Higher Balance are interaction variables. Period indicates if the analysis is limited to the first period decisions or not. Restrict to

Optimizers indicate if the analysis is limited to subjects who can solve optimization problems. Restrict to Interest Rate Acquirers indicate if the analysis is

limited to observations where the subjects acquired interest rate information before making their decisions. The last part of the table reports the parametric

test results on estimated coefficients through associated p-values. Standard errors in parentheses. Errors are clustered at the subject level.
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Table A1.8: Estimation of Repayments Across Balance Treatments with Demographic

Controls

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

Higher Interest Rate 253.6 271.4 220.5 164.9 184.7 140.9

(35.18) (33.80) (28.93) (25.69) (31.44) (21.23)

Higher Balance 61.83 70.80 90.01 109.8 81.04 91.95

(33.91) (27.14) (23.96) (16.69) (16.75) (14.97)

Gender -5.178 -16.12 0.0103 16.47 10.04 4.796

(18.33) (17.28) (11.35) (13.38) (12.74) (8.899)

STEM/Economics 18.50 -2.535 16.45 21.19 4.828 9.604

(17.72) (16.25) (11.58) (10.55) (10.96) (6.967)

IB x Higher Interest Rate 88.85 85.81 79.83

(43.24) (46.29) (35.74)

IB x Higher Balance -48.03 -9.068 -1.849

(37.37) (31.88) (28.12)

IB -7.739 -15.08 -26.00

(30.67) (33.48) (24.64)

Constant 99.55 105.3 97.09 94.27 101.5 124.7

(32.96) (34.75) (21.96) (20.80) (20.09) (15.86)

Observations 152 450 1135 353 1095 2452

R2 0.433 0.503 0.416 0.432 0.462 0.375

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

βHigherInterestRate = βHigherBalance p = 0.001 p = 0.0001 p = 0.003

βIBxHigherInterestRate = 0 p = 0.04 p = 0.07 p = 0.03

βIBxHigherBalance = 0 p = 0.20 p = 0.78 p = 0.95

Note: The table executes the analysis in Table A1.3 with demographic controls. Gender is a dummy variable that takes the value

1 for female subjects. STEM/Economics is a dummy variable that takes the value 1 for subjects whose majors are either STEM or

Economics. Standard errors in parentheses. Errors are clustered at the subject level.
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Table A1.9: Differences in Optimality Measures Across Investment Treatments

Optimality Rate Correct Allocation Rate

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

Investment Interest Rate 0.0673 0.0994 -0.0224 8.864 10.09 -10.85

(0.108) (0.114) (0.0889) (27.19) (26.26) (22.71)

Constant 0.461 0.498 0.429 378.5 391.5 366.7

(0.0765) (0.0863) (0.0623) (17.69) (18.48) (15.42)

Observations 296 1170 2335 296 1170 2335

R2 0.005 0.009 0.001 0.001 0.001 0.001

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

Note: Each column reports the effect of being assigned to Investment Interest Rate treatment on some optimality measure using

an OLS regression. In Columns 1,2 and 3, the dependent variable is a dummy that takes the value 1 if the allocation made is

optimal. In Columns 3,4 and 5, the dependent variable is the amount of allocation made to the high interest rate fund which

takes a value between 0 and 500. Columns 1 and 4 restrict the sample to observations from the first period in each stage where

the subject acquires interest rate information and solves at least one optimization question correctly. Columns 2 and 5 restrict

the sample to observations where the subject acquires interest rate information and solves at least one optimization question

correctly. Columns 3 and 6 execute the same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.
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Table A1.10: Differences in Optimality Measures Across Investment Treatments with

Demographic Controls

Optimality Rate Correct Allocation Rate

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

IR -0.0224 -0.0264 0.00209 -10.85 -11.86 -7.052

(0.0889) (0.0823) (0.0765) (22.71) (21.05) (20.34)

Math Score 0.373 0.377 94.74 97.58

(0.0952) (0.0935) (26.10) (26.95)

Gender -0.300 -52.58

(0.0773) (20.74)

STEM/Economics -0.0776 -18.91

(0.0846) (22.36)

Constant 0.429 0.265 0.460 366.7 325.0 361.4

(0.0623) (0.0729) (0.0949) (15.42) (19.44) (25.82)

Observations 2335 2335 2335 2335 2335 2335

R2 0.001 0.094 0.188 0.001 0.060 0.089

Note: Column 1 to 3 represent the differences in the share of optimal allocations between Investment Balance and

Investment Interest Rate treatments. The dependent variable Optimal is a dummy variable that takes the value 1 if

the allocation is made optimally. Column 4 to 6 represent the differences in the amount of correctly made allocations

between IB and IR. The dependent variable is the amount of allocation made on the high interest rate fund which

takes a value in between 0 and 500. The unit of observation is subject x period. The term IR is a dummy variable that

takes the value 1 for observations made under Investment Interest Rate treatment. Math Score is a discrete variable

that takes values [0,0.25,0.5,0.75,1] representing the percentage of correct answers to four optimization problems.

Gender is a dummy variable that takes the value 1 for female subjects. STEM/Economics is a dummy variable that

takes the value 1 for subjects whose majors are either STEM or Economics. Standard errors in parentheses. Errors

are clustered at the subject level.
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Table A1.11: Estimation of Repayments Across Investment Treatments

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

Higher Interest Rate 275.0 286.5 204.4 255.1 271.1 221.3

(42.15) (36.58) (31.82) (34.93) (34.32) (28.83)

Higher Balance 89.21 93.43 56.45 62.05 71.58 90.21

(27.65) (22.13) (18.16) (33.53) (27.30) (23.83)

IR x Higher Interest Rate 19.93 15.35 -16.89

(54.43) (49.88) (42.80)

IR x Higher Balance 27.16 21.85 -33.76

(43.29) (35.00) (29.90)

IR -40.46 -42.92 7.296

(35.05) (34.45) (27.94)

Constant 66.35 51.66 113.8 106.8 94.58 106.5

(23.43) (18.76) (20.00) (26.27) (29.02) (19.63)

Observations 144 720 1200 296 1170 2335

R2 0.483 0.533 0.327 0.458 0.524 0.371

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

βHigherInterestRate = βHigherBalance p = 0.005 p = 0.0006 p = 0.0001

βIRxHigherInterestRate = 0 p = 0.72 p = 0.76 p = 0.7

βIRxHigherBalance = 0 p = 0.53 p = 0.54 p = 0.26

Note: Columns 1 to 3 estimate, using OLS, how having a higher interest rate and a higher balance on a fund affects the allocations made towards that card in

Investment Interest Rate treatment. The dependent variable is the amount of allocation made on the left card (without loss of generality) which takes a value

in between 0 and 500. The regressors Higher Interest Rate and Higher Balance are two dummy variables that takes the value 1 whenever the interest rate

and the balance on the left fund, respectively, is higher compared to the right fund. Columns 4 to 6 estimate, using OLS, how having a higher interest rate

and a higher balance on a fund affect the allocations made towards that card using observations from both Investment Interest Rate and Investment Balance

treatments. The term DR is a dummy variable that takes the value 1 if the allocation is made under Investment Interest Rate treatment. The terms IR x

Higher Interest Rate and IR x Higher Balance are interaction variables. Period indicates if the analysis is limited to the first period decisions or not. Restrict

to Optimizers indicate if the analysis is limited to subjects who can solve optimization problems. Restrict to Interest Rate Acquirers indicate if the analysis is

limited to observations where the subjects acquired interest rate information before making their decisions. The last part of the table reports the parametric

test results on estimated coefficients through associated p-values. Standard errors in parentheses. Errors are clustered at the subject level.

139



Chapter A

Table A1.12: Estimation of Repayments Across Investment Treatments with Demo-

graphic Controls

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

Higher Interest Rate 274.5 286.6 205.1 253.9 272.7 221.3

(42.34) (36.46) (31.77) (34.87) (33.87) (28.80)

Higher Balance 89.21 93.08 56.14 61.87 71.11 90.20

(27.85) (22.35) (18.25) (33.58) (27.06) (23.83)

Gender -5.804 -14.20 -7.793 -5.467 -14.96 -1.986

(22.91) (14.65) (12.28) (14.35) (10.98) (8.325)

STEM/Economics 9.392 -18.30 -16.19 14.64 -11.25 0.105

(30.58) (22.15) (11.81) (16.39) (14.14) (8.333)

IR x Higher Interest Rate 20.48 13.72 -16.93

(54.34) (49.85) (42.79)

IR x Higher Balance 27.33 21.92 -33.80

(43.43) (34.81) (29.92)

IR -43.15 -40.17 7.539

(35.37) (34.79) (28.04)

Constant 62.69 73.19 127.6 101.8 108.6 107.4

(40.73) (31.60) (21.61) (31.74) (32.07) (21.20)

Observations 144 720 1200 296 1170 2335

R2 0.484 0.535 0.329 0.459 0.525 0.371

Period First All All First All All

Restrict to Optimizers Yes Yes No Yes Yes No

Restrict to Interest Rate Acquirers Yes Yes No Yes Yes No

βHigherInterestRate = βHigherBalance p = 0.005 p = 0.0006 p = 0.0001

βIRxHigherInterestRate = 0 p = 0.71 p = 0.78 p = 0.69

βIRxHigherBalance = 0 p = 0.53 p = 0.53 p = 0.26

Note: The table executes the analysis in Table A1.11 with demographic controls. Gender is a dummy variable that takes the value

1 for female subjects. STEM/Economics is a dummy variable that takes the value 1 for subjects whose majors are either STEM or

Economics. Standard errors in parentheses. Errors are clustered at the subject level.
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A.2 Role of Vividness under the Investment Frame

In Figure A2.1, Panel A shows the share of optimal repayments made across treat-

ments and Panel B shows the average allocation made to the high interest rate fund for

subjects who can solve optimization problems and who acquire interest rate information

before making their decision in the first period of each stage. We see that there is no

significant increase, on average, in any of the optimality measures. The share of op-

timal allocations increases by 6.7 percentage points -from 46.1% in IB to 52.8% in IR

(p = 0.54). The average allocation to the high interest rate account increases by 8.9 ECU

- from 378.5 ECU to 387.4 ECU (p = 0.75). The results are qualitatively similar when we

relax our sample restrictions and control for demographic information (See Tables A1.9

and A1.10 in Appendix).
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Figure A2.1: Comparison of Investment Treatments

Note: Panel A shows the share of optimal allocations made in IB and IR. The whiskers indicate 95%
confidence interval calculated using subject-level clusters. Panel B shows the average allocation made
to the high interest rate card.

Figure A2.2 documents further evidence that allows us to compare the allocation

patterns across treatments. The patterns seem mostly similar. We find that in aligned

stages 92%, 84% and 96% (respectively) of the subjects allocate more than half of their

deposit into the high interest rate fund which are similar to the rates calculated in Interest

Balance treatment. Moreover, the percentage of subjects that allocate more than half

of their deposit into the high interest rate fund in misaligned stages is respectively 63%,

75% and 55% which are, again, similar to the rates calculated in IB. Overall, we find

no statistical difference in responsiveness to interest rate and balance information across

subjects in IR and IB (p = 0.71 and p = 0.53, respectively). These findings are robust

to relaxing our sample restrictions and including demographic controls (See Tables A1.11
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Figure A2.2: Allocation Patterns Across Investment Treatments - Period 1 Decisions

Note: The violin plots show the distribution of repayments subjects make toward the high interest
rate fund in the first period of each stage. The upward white triangle and the downward black triangle
represent the median allocation towards the higher interest rate card in a given stage for IB and IR,
respectively. The thick red and blue bars around the median represents allocations within the interquar-
tile range for IB and IR, respectively. The violin shape visualizes the kernel density distribution of the
allocation patterns - the wider sections of the violin represents a higher likelihood of allocating in the
corresponding value. The dotted horizontal reference lines represent the hypothetical allocation under
an exact balance matching heuristic towards the higher interest card in the first period of each stage.
The rational choice theory predicts a distribution with full mass located at 500 for all stages.

and A1.12 in Appendix).

Result A2.1 Similar to the debt frame, neither the share of optimal allocations nor

the average allocation to the high interest rate account improves with an increase in the

vividness of interest rate information across investment frames.
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A.3 Learning

Table A3.1: Within Stage Learning in DB

Optimal Correct Fraction

(1) (2) (3) (4)

Period 0.0189 -0.00534 0.0136 -0.00324

(0.0138) (0.00553) (0.00723) (0.00346)

Constant 0.202 0.204 0.647 0.647

(0.0599) (0.0488) (0.0266) (0.0221)

Observations 645 1317 645 1317

R2 0.004 0.000 0.006 0.000

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the decision period within a stage denoted with the variable Period. In

Columns 1 and 2, the dependent variable is a dummy that takes the value 1 if the

allocation made is optimal. In Columns 3 and 4, the dependent variable is the fraction

of correctly made allocation that takes a value between 0 and 1. Columns 1 and 3

restrict the sample to observations where the subject acquires interest rate information

and solves at least one optimization question correctly. Columns 2 and 4 execute the

same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.
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Table A3.2: Between Stage Learning in DB

Optimality Rate Mean Correct Fraction

(1) (2) (3) (4)

Bi-Stage 0.0334 0.0246 0.000657 0.00441

(0.0212) (0.0136) (0.0125) (0.00848)

Constant 0.188 0.138 0.682 0.628

(0.0680) (0.0426) (0.0339) (0.0235)

Observations 645 1317 645 1317

R2 0.004 0.003 0.000 0.000

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the bi-stages. A bi-stage consists of two consecutive stages with one aligned

and one misaligned stage, and takes an integer value in between 1 and 3. In Columns 1

and 2, the dependent variable is a dummy that takes the value 1 if the allocation made

is optimal. In Columns 3 and 4, the dependent variable is the fraction of correctly made

allocation that takes a value between 0 and 1. Columns 1 and 3 restrict the sample to

observations where the subject acquires interest rate information and solves at least one

optimization question correctly. Columns 2 and 4 execute the same analysis without

imposing any sample restrictions. Standard errors in parentheses. Errors are clustered

at the subject level.
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Table A3.3: Within Stage Learning in DR

Optimal Correct Fraction

(1) (2) (3) (4)

Period -0.0153 -0.00717 0.00345 0.00634

(0.00570) (0.00519) (0.00466) (0.00397)

Constant 0.267 0.197 0.631 0.609

(0.0589) (0.0461) (0.0266) (0.0214)

Observations 928 1288 928 1288

R2 0.003 0.001 0.000 0.001

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the decision period within a stage denoted with the variable Period. In

Columns 1 and 2, the dependent variable is a dummy that takes the value 1 if the

allocation made is optimal. In Columns 3 and 4, the dependent variable is the fraction

of correctly made allocation that takes a value between 0 and 1. Columns 1 and 3

restrict the sample to observations where the subject acquires interest rate information

and solves at least one optimization question correctly. Columns 2 and 4 execute the

same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.
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Table A3.4: Between Stage Learning in DR

Optimality Rate Mean Correct Fraction

(1) (2) (3) (4)

Bi-Stage 0.0155 0.0147 0.0139 0.00929

(0.0130) (0.00966) (0.00689) (0.00610)

Constant 0.190 0.146 0.613 0.609

(0.0494) (0.0376) (0.0209) (0.0167)

Observations 928 1288 928 1288

R2 0.001 0.001 0.002 0.001

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the bi-stages. A bi-stage consists of two consecutive stages with one aligned

and one misaligned stage, and takes an integer value in between 1 and 3. In Columns 1

and 2, the dependent variable is a dummy that takes the value 1 if the allocation made

is optimal. In Columns 3 and 4, the dependent variable is the fraction of correctly made

allocation that takes a value between 0 and 1. Columns 1 and 3 restrict the sample to

observations where the subject acquires interest rate information and solves at least one

optimization question correctly. Columns 2 and 4 execute the same analysis without

imposing any sample restrictions. Standard errors in parentheses. Errors are clustered

at the subject level.
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Table A3.5: Within Stage Learning in IB

Optimal Correct Fraction

(1) (2) (3) (4)

Period 0.0192 0.0207 0.0183 0.0107

(0.0176) (0.00832) (0.00794) (0.00381)

Constant 0.449 0.367 0.737 0.701

(0.0741) (0.0620) (0.0390) (0.0317)

Observations 450 1135 450 1135

R2 0.003 0.003 0.008 0.002

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the decision period within a stage denoted with the variable Period. In

Columns 1 and 2, the dependent variable is a dummy that takes the value 1 if the

allocation made is optimal. In Columns 3 and 4, the dependent variable is the fraction

of correctly made allocation that takes a value between 0 and 1. Columns 1 and 3

restrict the sample to observations where the subject acquires interest rate information

and solves at least one optimization question correctly. Columns 2 and 4 execute the

same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.

148



Chapter A

Table A3.6: Between Stage Learning in IB

Optimality Rate Mean Correct Fraction

(1) (2) (3) (4)

Bi-Stage 0.00438 0.0369 0.0311 0.0270

(0.0246) (0.0148) (0.0181) (0.0125)

Constant 0.489 0.355 0.724 0.679

(0.0844) (0.0601) (0.0527) (0.0366)

Observations 450 1135 450 1135

R2 0.000 0.004 0.008 0.005

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the bi-stages. A bi-stage consists of two consecutive stages with one aligned

and one misaligned stage, and takes an integer value in between 1 and 3. In Columns 1

and 2, the dependent variable is a dummy that takes the value 1 if the allocation made

is optimal. In Columns 3 and 4, the dependent variable is the fraction of correctly made

allocation that takes a value between 0 and 1. Columns 1 and 3 restrict the sample to

observations where the subject acquires interest rate information and solves at least one

optimization question correctly. Columns 2 and 4 execute the same analysis without

imposing any sample restrictions. Standard errors in parentheses. Errors are clustered

at the subject level.
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Table A3.7: Within Stage Learning in IR

Optimal Correct Fraction

(1) (2) (3) (4)

Period 0.0215 0.0163 0.00247 0.00333

(0.00934) (0.00666) (0.00597) (0.00459)

Constant 0.533 0.358 0.796 0.702

(0.0785) (0.0644) (0.0401) (0.0357)

Observations 720 1200 720 1200

R2 0.004 0.002 0.000 0.000

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the decision period within a stage denoted with the variable Period. In

Columns 1 and 2, the dependent variable is a dummy that takes the value 1 if the

allocation made is optimal. In Columns 3 and 4, the dependent variable is the fraction

of correctly made allocation that takes a value between 0 and 1. Columns 1 and 3

restrict the sample to observations where the subject acquires interest rate information

and solves at least one optimization question correctly. Columns 2 and 4 execute the

same analysis without imposing any sample restrictions. Standard errors in parentheses.

Errors are clustered at the subject level.
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Table A3.8: Between Stage Learning in IR

Optimality Rate Mean Correct Fraction

(1) (2) (3) (4)

Bi-Stage 0.0167 0.0150 0.0102 0.00929

(0.0277) (0.0171) (0.0243) (0.0155)

Constant 0.564 0.377 0.783 0.693

(0.0989) (0.0741) (0.0696) (0.0495)

Observations 720 1200 720 1200

R2 0.001 0.001 0.001 0.001

Note: Each column reports the coefficients from an OLS regression of some optimality

measure on the bi-stages. A bi-stage consists of two consecutive stages with one aligned

and one misaligned stage, and takes an integer value in between 1 and 3. In Columns 1

and 2, the dependent variable is a dummy that takes the value 1 if the allocation made

is optimal. In Columns 3 and 4, the dependent variable is the fraction of correctly made

allocation that takes a value between 0 and 1. Columns 1 and 3 restrict the sample to

observations where the subject acquires interest rate information and solves at least one

optimization question correctly. Columns 2 and 4 execute the same analysis without

imposing any sample restrictions. Standard errors in parentheses. Errors are clustered

at the subject level.
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A.4 Information Acquisition and the Measures of

Optimality

Table A4.1: Click Rates on Information Buttons across No-Vivid Treatments

(1) (2) (3) (4)
Interest Rate Current Balance Other Total

IN -0.0168 -0.597 -0.333 -0.947
(0.102) (0.200) (0.277) (0.458)

Constant 0.863 1.595 1.526 3.985
(0.0776) (0.133) (0.216) (0.358)

Observations 1102 1102 1102 1102

Note: The table documents the differences in average click rates on various information buttons
between Debt No-Vivid and Investment No-Vivid treatments. The unit of observation is subject ×
period × click rate. The regressor IN is a dummy variable that takes the value 1 for observations
under Investment No-Vivid treatment. The dependent variables Interest Rate, Current Balance,
and Total take non-negative integer values that respectively indicate the number a subject click on
interest rate button, current balance button, and any information button. Similarly, the dependent
variable Other in Column 3 takes non-negative integer values that indicates the total number a
subject clicks on either interest charged/earned button, previous payment/investment button and
previous balance button. Standard errors in parentheses. Errors are clustered at the subject level.

In Section 3, we present evidence that there is a wedge in the share of optimal al-

locations across frames as well as in the click rates and time spent on current balance

information button. Here, we tie these pieces of evidence together by presenting how

clicking and spending time on certain information buttons are correlated with conse-

quent choices of the subjects.

Table A4.3 shows how our measures of optimality are correlated with click rates and

time spent on information buttons. Column 1 indicates that each click to interest rate

button is correlated with 5.6% increase in optimal allocations (p = 0.058) whereas each

click to current balance button is correlated with a 6.8% decrease (p = 0.04). The

difference in magnitude of these changes is significant (p = 0.03). Column 2 indicates

that each click to interest rate button is correlated with an increase of 25.2 ECU in

correctly made allocations (p = 0.02) whereas each click to current balance button is
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Table A4.2: Time Spent on Information Buttons across No-Vivid Treatments

(1) (2) (3) (4)
Interest Rate Current Balance Other Total

IN -0.262 -4.498 -1.961 -6.721
(0.529) (1.225) (1.406) (2.227)

Constant 3.404 9.562 7.832 20.80
(0.373) (0.947) (1.006) (1.716)

Observations 1110 1110 1110 1110

Note: The table documents the differences in time spent on various information buttons between
Debt No-Vivid and Investment No-Vivid treatments. The unit of observation is subject x period.
The regressor IN is a dummy variable that takes the value 1 for observations under Investment
No-Vivid treatment. The dependent variable Interest Rate in Column 1 takes a positive real value
that indicates the time (in seconds) a subject spends on interest rate button within a period. The
dependent variable Current Balance in Column 2 takes a positive real value that indicates the
time (in seconds) a subject spends on current balance button within a period. The dependent
variable Other in Column 3 takes a positive real value that indicates the total time (in seconds)
a subject spends on interest charged/earned button, previous payment/investment button and
previous balance button within a period. The dependent variable Total in Column 4 takes a
positive real value that indicates the total time (in seconds) a subject spends on all information
buttons. Standard errors in parentheses. Errors are clustered at the subject level.

correlated with a decrease of 20.4 ECU (p = 0.05). The difference in magnitude of these

changes is significant (p = 0.02).

Columns 3 and 4 show how time spent correlates with our measures of optimality.

Here we find that each additional second spent on interest rate button has no impact

on either the share of optimal allocations or on the amount of allocation correctly made

(p = 0.7). However, we find that each additional second that is spent on current balance

button correlates with a 0.59 percentage point decrease in the level of optimality (p =

0.005). Similarly, each additional second spent on other information buttons correlates

with a 0.48 percentage point decrease (p = 0.01) in the share of optimal allocations. The

amount of correctly made allocation decreases by 2 ECU for each second spent on current

balance button (p = 0.005) and decreases by 1.48 ECU for each second spent on other

information (p = 0.04).

Result A4.1 Each click to interest rate button is correlated with an increase in the

correctly allocated amount whereas each click to current balance button correlates with
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Table A4.3: Click Rates, Time Spent and Measures of Optimality

Click Rate Time Spent

(1) (2) (3) (4)
Optimal Allocation Optimal Allocation

Interest Rate 0.0563 25.23 0.000939 1.086
(0.0288) (9.985) (0.00236) (0.919)

Current Balance -0.0683 -20.39 -0.00593 -2.069
(0.0323) (9.864) (0.00197) (0.696)

Other -0.0219 -8.497 -0.00484 -1.483
(0.0148) (4.336) (0.00185) (0.695)

IN 0.101 37.18 0.111 39.54
(0.0910) (25.37) (0.0986) (26.14)

Math Score 0.347 59.99 0.343 59.24
(0.117) (33.34) (0.125) (35.78)

Constant 0.159 295.8 0.159 300.3
(0.0591) (17.43) (0.0604) (17.66)

Observations 1102 1102 1102 1102
R2 0.171 0.092 0.161 0.083

Note: The table documents how click rates and time spent on information buttons are
correlated with making an optimal allocation. The regressors Interest Rate, Current Bal-
ance and Other represent click rates (in Columns 1 and 2) and time spent (in Columns 3
and 4) on the respective buttons. The regressor IN is a dummy variable that takes the
value 1 for observations under Investment No-Vivid treatment. Math Score is a discrete
variable that takes values [0,0.25,0.5,0.75,1] representing the percentage of correct an-
swers to four optimization problems. The dependent variable Optimal is a dummy that
takes the value 1 for optimal payments. The variable Allocation indicates the amount
of correctly made allocation by a subject in a period. Standard errors in parentheses.
Errors are clustered at the subject level.
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a decrease. Moreover, time spent on the interest rate button does not correlate with

the correctly allocated amount whereas each second spent on current balance information

correlates with a decrease.
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A.5 Use of Heuristics - Heuristic Transition Matri-

ces

Table A5.1: Debt Frame: Bi-Stage 1 to Bi-Stage 2

Other2 IM2 Opt2 BM2

Other1 4 2 0 3

IM1 3 18 1 10

Opt1 0 3 4 0

BM1 4 10 0 47

Table A5.2: Debt Frame: Bi-Stage 2 to Bi-Stage 3

Other3 IM3 Opt3 BM3

Other2 4 2 0 5

IM2 4 13 5 11

Opt2 0 0 5 0

BM2 5 16 0 39

Table A5.3: Investment Frame: Bi-Stage 1 to Bi-Stage 2

Other2 IM2 Opt2 BM2

Other1 10 5 1 2

IM1 3 23 5 3

Opt1 0 3 17 1

BM1 6 2 4 8
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Table A5.4: Investment Frame: Bi-Stage 2 to Bi-Stage 3

Other3 IM3 Opt3 BM3

Other2 10 8 0 1

IM2 4 21 2 6

Opt2 0 6 19 2

BM2 1 2 3 8

Note: The tables describe the share of subjects who are assigned to a heuristic type in a certain bi-stage
by the heuristic type they are assigned in the consecutive bi-stage. In order to construct these matrices,
we employ the weak classification requirement. Under the weak classification, a subject is considered
as a balance matching (BM) type if she allocates at least 50% of her deposit to the account with the
higher balances for at least 6 out of 10 periods within a bi-stage. Similarly, a subject is considered as
an interest matching (IM) type if she allocates between 50% to 95% of her deposit to the account with
the higher interest rate for at least 6 out of 10 periods. A subject is considered as an optimal type if she
allocates at least 95% of her deposit to the account with the higher interest rate for at least 6 out of 10
periods. When the criteria for both BM and IM are satisfied, we give the tie breaker to BM.
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A.6 Conceptual Framework

There is a unit mass of identical decision makers who allocate a fixed amount of

income M to two accounts with differing interest rates r = (r1, r2) ∈ [0, 1]2 and balances

b = (b1, b2) ∈ R2. We assume for simplicity r1 > r2. The decision maker i chooses

ci ∈ [0,M ]2 where each dimension represents an allocation made to an account and each

choice satisfies ci1 + ci2 = M . A decision maker’s outcome-based utility if she chooses

the allocation (ci1, c
i
2) is given by U(ci; r, b) =

∑2
j=1(1 + rj)(c

i
j + bj) which simply states

that the utility from a choice is the sum of total balances after both accounts accrue

interest. Hence the outcome-based utility strictly increases in ci1 and decreases in ci2.

However, instead of maximizing outcome-based utility, the decision maker maximizes

the salience-adjusted utility function

Ũ(ci; r, b) =
2∑

j=1

(1 + wrrj)(c
i
j + bj)

where wr ∈ {0, 1} is the salience adjustment on interest rate information.

Our model’s central assumption concerns how salience adjustment wr is determined.

We model the decision maker’s salience to interest rate information as a function of

attention to interest rate and balance information. The decision maker i’s attention to

interest rate and balance information are respectively given by the parameters air ∈ R+

and aib ∈ R+. Following (15), we define the salience of interest rate information σi
r ∈ R

as the attention differential between interest rate information and balance information

σi
r = air − aib

We assume that σi
r follows a normal distribution with mean µ and variance σ2

ε , and is

independent and identical across decision makers. The decision maker obtains a realiza-
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tion of σi
r and uses the salience adjustment rule wr = 1(σi

r ≥ 0). This stylized salience

adjustment rule that we assume is consistent with the view of many psychologists and

economists that information that attracts greater attention contributes more strongly to

the observed choices ((16), (17), (25)). The model captures how salience of interest rate

information affects the decision maker’s choices in a simple fashion: If the decision maker

obtains a non-negative realization of salience of interest rate information, then her opti-

mal decision overlaps with the optimal decision of a rational decision maker. Otherwise

she does not take the interest rate information into account and her optimal decision

involves uniformly randomizing over choices that are available to her.

Given this salience adjustment rule, we expect the allocation to the high interest rate

account to be

E[c̄1] =
(
1 + Φ

(
µ

σε

))
M/2

where Φ(·) represents the standard normal cumulative distribution function. A critical

observation here is that the expected allocation to high interest rate account is strictly

increasing in the mean attention differential to interest rate µ. Hence any change in the

decision environment that increases the salience of interest rate information should lead

to an increase in the average allocation made to the high interest rate account.
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A.7 Experiment Interface and Instructions

Figure A7.1: Experiment Interface for the treatmentDB in Balance Reallocation Periods
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Figure A7.2: Experiment Interface for the treatment DR

Figure A7.3: Experiment Interface for the treatment IB
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Figure A7.4: Experiment Interface for the treatment IR

Figure A7.5: Experiment Interface for the treatment DN

162



Chapter A

Figure A7.6: Experiment Interface for the treatment IN
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Experiment Instructions for Debt Treatments 
 
INSTRUCTIONS 
 

Welcome 
 
You are about to participate in a decision making experiment. In this experiment, you have               
the ability to earn a considerable amount of money, which will be paid to you in cash at the                   
end of the experiment. The amount of money you earn will depend partly on your               
decisions. Therefore, it is in your best interest that you read these instructions carefully in               
order to have a clear understanding of the rules of the experiment. If you need assistance,                
please raise your hand quietly. Someone will come and answer your question in private.  
 
This experiment is going to be conducted through computer terminals. The information            
provided to you on your terminal is private and it belongs only to you. It is very important                  
that you do not communicate with other participants for the duration of the experiment. All               
necessary decision making information will be provided to you through your terminal.            
Please turn off your cell phone now, and refrain from opening any other programs or               
browsers on your computer during the experiment.  
 
Economics experiments have a strict policy against deception. The rules you are going to              
read next will be implemented just as they are written.  
 
The experiment should take no more than 60 minutes.  
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Background 
 
This is a financial decision making experiment. In this experiment, you will be assigned two               
credit card accounts and a checking account. The experiment will be divided into stages              
and periods where you will be asked to make payments toward these credit card accounts.  
 

Experiment Roadmap 
 
The main experiment contains 6 Independent Stages. Each stage consists of 5 payment             
periods. You will be presented with different credit cards in each stage.  
 
 
Your Task 
 
At the beginning of each period, you will receive a fixed amount of money, called a deposit,                 
in your checking account. Your task in each period is to make credit card payment               
decisions, using the amount of money you have available in your checking account.  
 

A Period 
 
There will be multiple periods in the experiment. An experimental period starts when you              
receive your deposit, and ends when you finalize your payments to each card for that               
period.  
 

Level of Debt 
 
At the beginning of the first period, each credit card will be assigned a level of debt. From                  
the second period onward, the level of debt will be determined by two factors: interest               
rates and your previous period’s payment decisions for each card. To illustrate this point,              
consider the following example:  
 
Suppose that you have two credit cards, Left and Right. Your Left Card has a 4% per period                  
interest rate and you owe 2,000 on that card. Your Right Card has a 5% per period interest                  
rate and you owe 1,000 on that card. After you determine your payments on each card,                
your ​Total Credit Card Debt in the following period​ will be calculated as 
 

(1+ 4%) (2,000 - Payment to Left Card) + (1+5%) (1,000 - Payment to Right Card) 
 

Your ​End of Stage Total Credit Card Debt will be calculated as above once you make your                 
last payment decision in that stage. 
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Your Payment 
 
You will have an initial endowment of 6,500 experimental currency units (ECUs) at the              
beginning of each stage. To determine a ​Stage Payoff​, we will subtract your End of Stage                
Total Credit Card Debt from your initial endowment. Your stage payoff will then be              
converted into US Dollars at the rate of 25 ECUs=$1. Only one stage payoff will be randomly                 
selected as your cash payment in the end. All stage payoffs have the same chance of being                 
selected. 
 
 
Thank you for your participation in this experiment. 
 
 
 
Key Features Recap 
 
   Setting: Two credit card accounts 
       Task:      Make payment decisions on both cards 
Duration:         5 periods per stage, 6 stages 
      Time:         No strict time restriction (as long as total time < 60 mins) 
    Payoff:          The less the total debt you have at the end of each stage, the  
                            more money you will make from the experiment 
 

 

We will explain how the to use the interface next, please wait for further instructions.  
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Experiment Instructions  
for Balance Reallocation Periods 
 
Instructions for Balance Reallocation 
 
 
In this part of the experiment, you will go through the remaining two stages. The first 5                 
periods of these stages will be exactly the same as before. However, there is going to be an                  
additional, sixth, period at the end of each stage. We will call these additional periods               
Balance Reallocation Periods​. During these periods you will not be assigned a deposit, nor              
be asked to make a payment decision. Instead, your task will be reallocating your total debt                
between two cards.  
 
Your stage payoff will be calculated similar to previous stages. We will subtract your End of                
Stage Total Credit Card Debt from your initial endowment. In this part of the experiment,               
we change your initial endowment to be 7,390 ECUs. Consider the following example:  
  
Suppose that at the beginning of a Balance Reallocation period, your Left Card has 4%               
interest rate and you owe 2,000 on that card. Your Right Card has 5% interest rate and you                  
owe 1,000 on that card. After you determine your new debt level on each card, your ​End of                  
Stage Total Credit Card Deb​t will be calculated as 
 
 (1 + 4%)(New Debt Level on Left Card) + (1 + 5%) (New Debt Level on Right Card)  
 
To determine a Stage Payoff, we will subtract your End of Stage Total Credit Card Debt                
from your initial endowment of 7,390 ECUs. Your stage payoff will then be converted into               
US Dollars at the rate of 25 ECUs=$1 as before. Remember that each stage is equally likely                 
to be selected for your payment. 
 
You will go through an explanation period before you start making your decisions.  
 
This explanation period will not count for money. 
 
 
 
What Has Changed? 
 

● Each stage has an additional Balance Reallocation period as a 6th period 
● Your task in those periods is to adjust your balance levels on each card 
● Your initial endowment is 7,390 ECUs 
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Experiment Instructions  
for Investment Treatments 
 
INSTRUCTIONS 
 

Welcome 
 
You are about to participate in a decision making experiment. In this experiment, you have               
the ability to earn a considerable amount of money, which will be paid to you in cash at the                   
end of the experiment. The amount of money you earn will partly depend on your               
decisions. Therefore, it is in your best interest that you read these instructions carefully in               
order to have a clear understanding of the rules of the experiment. If you need assistance,                
please raise your hand quietly. Someone will come and answer your question in private.  
 
This experiment is going to be conducted through computer terminals. The information            
provided to you on your terminal is private and it belongs only to you. It is very important                  
that you do not communicate with other participants for the duration of the experiment. All               
necessary decision making information will be provided to you through your terminal.            
Please turn off your cell phone now, and refrain from opening any other programs or               
browsers on your computer during the experiment.  
 
Economics experiments have a strict policy against deception. The rules you are going to              
read next will be implemented just as they are written.  
 
The experiment should take no more than 60 minutes.  
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Background 
 
This is a financial decision making experiment. In this experiment, you will be assigned two               
mutual funds and an investment account. The experiment will be divided into stages and              
periods where you will be asked to make investment decisions toward these mutual funds. 
 

Experiment Roadmap 
 
The main experiment contains 6 Independent Stages. Each stage consists of 5 investment             
periods. You will be presented with different mutual funds in each stage.  
 
 
Your Task 
 
At the beginning of each stage, you will be given a loan to be repaid so that you have some                    
amount of money to invest. At the beginning of each period, you will receive a fixed amount                 
of money, called a deposit, in your investment account. Your task in each period is to make                 
investment decisions, using the amount of money you have available in your investment             
account. 
 
 
A Period 
 
There will be multiple periods in the experiment. An experimental period starts when you              
receive your deposit, and ends when you finalize your investment decisions on each fund              
for that period.  
 

Level of Investment 
 
At the beginning of the first period, each mutual fund will be assigned a level of investment.                 
From the second period onward, the level of investment will be determined by two factors:               
interest rates and your previous period’s investment decisions on each fund. To illustrate             
this point, consider the following example:  
 
Suppose that you have two mutual funds, Left and Right. Your Left Fund has a 4% per                 
period interest rate and you own 2,000 in that fund. Your Right Fund has a 5% per period                  
interest rate and you own 1,000 in that fund. After you determine your investment              
decisions on each fund, your ​Total Investment in the following period​ will be calculated as 
 
    (1+4%) (2,000 + Investment to Left Fund) + (1+5%) (1,000 + Investment to Right Fund) 

 
Your ​End of Stage Total Investment will be calculated as above once you make your last                
investment decision in that stage. 
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Your Payment 
 
To determine a ​Stage Payoff​, we will subtract a loan repayment of 12,000 experimental              
currency units (ECUs) from your End of Stage Total Investment. Your stage payoff will then               
be converted into US Dollars at the rate of 25 ECUs=$1. Only one stage payoff will be                 
randomly selected as your cash payment in the end. All stage payoffs have the same chance                
of being selected. 
 
 
Thank you for your participation in this experiment. 
 
 
 
 
Key Features Recap 
 
   Setting: Two mutual funds 
       Task:      Make investment decisions on both funds 
Duration:        5 periods per stage, 6 stages 
      Time:         No strict time restriction (as long as total time < 60 mins) 
    Payoff:         The higher the total investment you have at the end of each stage, the  
                          more money you will make from the experiment 
 
 
 
We will explain how to use the interface next, please wait for further instructions.  
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Appendix B

Appendix for
Restoring Rational Choice
in Repayments
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B.1 Additional Results

Figure B1.1: Misallocation Rate by Optimization Ability and Financial Literacy

Notes: Panel A shows the average misallocation rate by our subjects’ ability to solve an algebraic version

of the credit card repayment problem. Subjects who are unable to solve the algebraic version of the

credit card repayment problem are indicated by the group O. Panel B shows the average misallocation

rate by our subjects’ ability to show the Big Three financial literacy questions. Subjects who are able

to solve all big three questions are indicated by group 1. The number of observations and the number

of individuals in each group is indicated by N and I respectively. The unit of observation is subject-by-

period. The whiskers indicate 95% confidence intervals. Errors are clustered at the subject level.
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Table B1.1: Causal Effect of Financial Advice on Misallocation Rate

OLS First Stage IV Estimate First Stage IV Estimate

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

Misallocation Rate Purchased Advice Misallocation Rate Purchased Advice Misallocation Rate

Purchased Advice -15.52∗∗∗ -16.30∗∗∗ -16.66∗∗∗

(3.527) (3.956) (3.839)

Actual WTP -0.00702 0.0724∗∗∗ 0.0435 0.0732∗∗∗ 0.0420

(0.543) (0.0167) (0.571) (0.0157) (0.545)

Rational WTP 6.057∗∗∗ -0.00867 6.056∗∗∗ -0.00661 5.765∗∗∗

(0.487) (0.0138) (0.486) (0.0165) (0.563)

BDM Price -0.0654∗∗∗ -0.0664∗∗∗

(0.00710) (0.00708)

Observations 910 2730 910 2730 910

Additional Controls No No No Yes Yes

Notes: Results from an instrumental variables regression that uses the (randomly assigned) BDM price as an instrument for purchasing financial advice to estimate the causal

impact of financial advice on misallocation. Columns (1) and (2) present the OLS and first-stage estimates, respectively. Column (3) and (5) use optimality of repayments as

the outcome variable, that is, if a repayment is fully allocated towards the card with the high interest rate. Column (4) presents the first-stage estimates using optimization

ability, financial literacy and gender as additional controls. Column (5) presents the IV estimates with the aforementioned additional controls. Standard errors in parentheses.

Errors are clustered at individual level. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure B1.2: Effectiveness of Interest Rate Salience using Misallocation Rate

Notes: Panel A shows the average optimality rate by our subjects’ ability to solve an algebraic version

of the credit card repayment problem. Subjects who are unable to solve the algebraic version of the

credit card repayment problem are indicated by the group O. Panel B shows the average optimality rate

by our subjects’ ability to show the Big Three financial literacy questions. Difference is insignificant

(p = 0.21). Subjects who are able to solve all big three questions are indicated by group 1. The number

of observations and the number of individuals in each group is indicated by N and I respectively. The

unit of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are

clustered at the subject level.
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Figure B1.3: Effectiveness of Interest Rate Salience by Optimization Ability using Mis-

allocation Rate

Notes: Panel A shows the misallocation rate for Baseline and Salience treatments among subjects

who fail to solve an algebraic version of the credit card repayment problem. Panel B shows the same

rate across the same treatments for subjects who solve an algebraic version of the credit card repayment

problem. Difference is significant in Panel A but not in B (p = 0.017, p = 0.63) The number of

observations and the number of individuals in each group is indicated by N and I respectively. The unit

of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are clustered

at the subject level.
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Figure B1.4: Effectiveness of Interest Rate Salience by Financial Literacy using Misallo-

cation Rate

Notes: Panel A shows the misallocation rate for Baseline and Fee Format treatments among subjects

who fail to solve one of the big three financial literacy questions. Panel B shows the same rate across the

same treatments for subjects who solve all big three financial literacy questions. Difference is significant

in Panel A but not in B (p = 0.016, p = 0.51). The number of observations and the number of individuals

in each group is indicated by N and I respectively. The unit of observation is subject-by-period. The

whiskers indicate 95% confidence intervals. Errors are clustered at the subject level.
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Figure B1.5: Effectiveness of Fee Format using Misallocation Rate

Notes: Panel A shows the misallocation rate by our subjects’ ability to solve an algebraic version of

the credit card repayment problem. Subjects who are unable to solve the algebraic version of the credit

card repayment problem are indicated by the group O. Panel B shows the average optimality rate

by our subjects’ ability to show the Big Three financial literacy questions. Difference is insignificant

(p = 0.32). Subjects who are able to solve all big three questions are indicated by group 1. The number

of observations and the number of individuals in each group is indicated by N and I respectively. The

unit of observation is subject-by-period. The whiskers indicate 95% confidence intervals. Errors are

clustered at the subject level.

177



Chapter B

Figure B1.6: Effectiveness of Fee Format by Optimization Ability using Misallocation

Rate

Notes: Panel A shows the average optimality rate by our subjects’ ability to solve an algebraic version

of the credit card repayment problem. Subjects who are unable to solve the algebraic version of the

credit card repayment problem are indicated by the group O. Panel B shows the average optimality rate

by our subjects’ ability to show the Big Three financial literacy questions. Differences in misallocation

rates are insignificant (p = 0.08, p = 0.95, respectively). Subjects who are able to solve all big three

questions are indicated by group 1. The number of observations and the number of individuals in each

group is indicated by N and I respectively. The unit of observation is subject-by-period. The whiskers

indicate 95% confidence intervals. Errors are clustered at the subject level.
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Figure B1.7: Effectiveness of Fee Format by Financial Literacy using Misallocation Rate

Notes: Panel A shows the average optimality rate by our subjects’ ability to solve an algebraic version

of the credit card repayment problem. Subjects who are unable to solve the algebraic version of the

credit card repayment problem are indicated by the group O. Panel B shows the average optimality rate

by our subjects’ ability to show the Big Three financial literacy questions. Differences in misallocation

rates are insignificant (p = 0.85, p = 0.47, respectively). Subjects who are able to solve all big three

questions are indicated by group 1. The number of observations and the number of individuals in each

group is indicated by N and I respectively. The unit of observation is subject-by-period. The whiskers

indicate 95% confidence intervals. Errors are clustered at the subject level.
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INSTRUCTIONS

Welcome

You are about to participate in a decision-making experiment. In this experiment, you have
the ability to earn a considerable amount of money, which will be paid to you through
Venmo at the end of the experiment. The amount of money you earn will depend on your
decisions. Therefore, it is in your best interest that you read these instructions carefully in
order to have a clear understanding of the rules of the experiment. If you need assistance,
please raise your hand through the Zoom app. The experimenter will answer your question
in a private chat.

All necessary information will be provided to you through your computer. Please turn off
your cell phone now, and refrain from opening any other programs or browsers on your
computer during the experiment.

Economics experiments have a strict policy against deception. The rules you are going to
read next will be implemented just as they are written.

The experiment should take no more than 60 minutes.
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--
Background

This is a financial decision-making experiment. In this experiment, you will be assigned two
credit card accounts and a checking account. The experiment will be divided into stages
and periods where you will be asked to make payments toward these credit card accounts.

Experiment Roadmap

The main experiment contains 6 Independent Stages. Each stage consists of 5 payment
periods. You will be presented with different credit cards in each stage.

Your Task

At the beginning of each period, you will receive a fixed amount of money, called a deposit,
in your checking account. Your task in each period is to make credit card payment
decisions, using the amount of money you have available in your checking account.

A Period

There will be multiple periods in the experiment. An experimental period starts when you
receive your deposit, and ends when you finalize your payments to each card for that
period.

---
Level of Debt

At the beginning of the first period, each credit card will be assigned a level of debt. From
the second period onward, the level of debt will be determined by two factors: interest
rates and your previous period’s payment decisions for each card. To illustrate this point,
consider the following example:

Suppose that you have two credit cards, Left and Right. Your Left Card has a 4% per period
interest rate and you owe 2,000 on that card. Your Right Card has a 5% per period interest
rate and you owe 1,000 on that card. After you determine your payments on each card,
your Total Credit Card Debt in the following period will be calculated as

(1+ 4%) (2,000 - Payment to Left Card) + (1+5%) (1,000 - Payment to Right Card)
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Your End of Stage Total Credit Card Debt will be calculated as above once you make your last
payment decision in that stage.

---
Your Payment

You will have an initial endowment assigned to you at the beginning of each stage. To
determine a Stage Payoff, we will subtract your End of Stage Total Credit Card Debt from
your initial endowment. Your stage payoff will then be converted into US Dollars at the rate
of 12.5 ECUs=$1. Only one stage payoff will be randomly selected as your cash payment in
the end. All stage payoffs have the same chance of being selected.

Thank you for your participation in this experiment.

---
Key Features Recap

   Setting: Two credit card accounts
       Task:       Make payment decisions on both cards
Duration:        5 periods per stage, 6 stages
      Time:         No strict time restriction (as long as total time < 60 mins)
    Payoff:         The less the total debt you have at the end of each stage, the
                            more money you will make from the experiment

We will explain how to use the interface next, please wait for further instructions.
---
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Instructions for Hiring a Robo-advisor

In this part of the experiment, you have the opportunity to hire a robo-advisor that will help
you with your decisions in the remaining stages for a fee.

If you decide to HIRE the robo-advisor, it will give you advice on how to make your
payments in a way that minimizes your total debt in the remaining two stages and you will
earn the maximum possible stage payoff for those stages if you follow the advice. However,
the fee of the robo-advisor will be deducted from your stage payoff for those stages.

If you decide NOT TO HIRE the robo-advisor, you will not be provided with advice while
making your payments in the remaining two stages, and you will not be charged for the
robo-advisor.

--

An Example

Suppose that the maximum possible stage payoff for each of the remaining stages is $15.

Assume that the fee of the robo-advisor is $F.

● If you HIRE the robo-advisor at this fee, your stage payoff will be $15 - F .
● If you DO NOT HIRE the robo-advisor, your stage payoff will be an amount between

$0 and $15 depending on how you make your payments.

You will now answer some questions that test your understanding of these instructions. If
you have any questions, please ask one of the experimenters through the chat.
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Instructions for Hiring a Robo-advisor - Continued

Now we would like to give you the opportunity to hire the robo-advisor, but the fee is NOT
FIXED yet. It will be determined by chance in a game we are about to play.

You will not spend on the robo-advisor any more than you really want to.

You may even be able to hire the robo-advisor for less than you’d be willing to pay.

Here is how the game works:
● The computer will ask you to tell the HIGHEST fee you are willing to pay for the

robo-advisor.
● Once you enter the fee that you are willing to pay, you will see a pricemeter.
● The range of the pricemeter represents the range of the fees for the robo-advisor.
● Then you will click a button to start the pricemeter and it will RANDOMLY stop at a

fee.
● The fee where the pricemeter stops on is the fee for the robo-advisor!

--
Here is some more important information on this game:

● If the pricemeter stops at a fee that is less than or equal to what you are willing to
pay, you will HIRE the advisor and you will pay the fee where the pricemeter
stopped.

● If the pricemeter stops at a fee that is more than what you are willing to pay, then
you will NOT HIRE the robo-advisor.

● You will only have one chance to play this game and hire a robo-advisor.
● You cannot change how much you are willing to pay after seeing where the

pricemeter stopped.

HINT:
● The payoff-maximizing strategy for you in this game is to truthfully tell the computer

how much you would like to pay for the robo-advisor.

We will now play a practice round to see how this game works.
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Understanding Quiz for Hiring a Robo-Advisor 

 

[Below are the four questions that we ask before the Practice Round begins.] 

1. Suppose that the maximum possible stage payoff is $15.   

If the fee of the robo-advisor is $2 and if you decide to hire the robo-advisor at this fee, 

how much will your stage payoff be in each of the remaining two stages if you follow the 

advice?  

 

[Feedback when correct:] Correct! If you hire the robo-advisor and follow the advice, you will 

earn the highest possible stage payoff which is $15 and you will need to pay the fee which is $2. 

Hence your stage payoff for each of the remaining stages will be $13.  

 

]Feedback when wrong:] Wrong. 

Hint: If you hire the robo-advisor and follow its advice, you will earn the highest possible stage 

payoff which is $15 and you will need to pay the fee which is $2. 

 

 

2. Check all that are true. Suppose that the fee of the robo-advisor is $2. If you think that you will 

make $8 in each of the remaining stages WITHOUT hiring the robo-advisor and if the maximum 

possible stage payoff is $15. 

• you will make $13 if you hire the robo-advisor and follow its advice 

• you will make $8 if you hire the robo-advisor and follow its advice 

• it is more profitable to hire the robo-advisor and follow its advice 

• it is less profitable to hire the robo-advisor and follow its advice 

 

 

[Feedback when correct:] Correct! If you hire the robo-advisor and follow its advice, you will 

earn the highest possible stage payoff which is $15 and you will need to pay the fee which is $2. 

Hence you will make $13 if you hire the robo-advisor and follow its advice. 

Therefore, it is MORE profitable to hire the robo-advisor and follow its advice as you will make 

$13 if you hire and $8 if you do not hire. 

 

[Feedback when wrong:] Wrong.  

Hint: Remember that you will make $13 if you hire the robo-advisor at this fee and follow its 

advice. 

 

3. Suppose that the maximum possible stage payoff is $15.  

If the fee of the robo-advisor is $9 and if you decide to hire the robo-advisor at this fee, 

how much will your stage payoff be in each of the remaining two stages? 
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[Feedback when correct:] Correct! If you hire the robo-advisor, you will earn the highest 

possible stage payoff which is $15 and you will need to pay the fee which is $9. Hence your 

stage payoff for each of the remaining stages will be $6. 

 

[Feedback when wrong:] Wrong. 

Hint: If you hire the robo-advisor and follow its advice, you will earn the highest possible stage 

payoff which is $15 and you will need to pay the fee which is $2. 

 

 

4. Check all that are true. Suppose that the fee of the robo-advisor is $9. If you think that you will 

make $8 in each of the remaining stages WITHOUT hiring the robo-advisor and if the maximum 

possible stage payoff is $15. 

• you will make $8 if you hire the robo-advisor and follow its advice 

• you will make $6 if you hire the robo-advisor and follow its advice 

• it is more profitable to hire the robo-advisor and follow its advice 

• it is less profitable to hire the robo-advisor and follow its advice 

 

 

[Feedback when correct:] Correct! If you hire the robo-advisor and follow its advice, you will 

earn the highest possible stage payoff which is $15 and you will need to pay the fee which is $9. 

Hence you will make $6 if you hire the robo-advisor. 

Therefore, it is LESS profitable to hire the robo-advisor as you will make $6 if you hire and $8 if 

you do not hire.     

 

[Feedback when wrong:] Wrong.  

Hint: Remember that you will make $6 if you hire the robo-advisor at this fee and follow its 

advice. 
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[Below are the questions that we ask after the practice round. 

 

All questions have the below text displayed at the top of the screen.] 

 

In the practice round for hiring a robo-advisor, 

You stated you are willing to pay at most $Z for the robo-advisor. 

The pricemeter stopped at $Y and hence determined the fee of the robo-advisor as $Y. 

 

 

1. Did you get to hire a robo-advisor? 

• Yes 

• No 

 

[For those that did not hire a robo-advisor:] 

[Feedback if yes:] Wrong. The fee of the robo-advisor was higher than what you were willing to 

pay. 

[Feedback if no:] Correct! 

 

[For those that hired a robo-advisor:] 

[Feedback if yes:] Correct!  

 

[Feedback if no:] Wrong. The fee of the robo-advisor was lower than what you were willing to 

pay. 

 

2. [For those that did not hire a robo-advisor:] 

 

A) Do you wish that you had hired the robo-advisor at this fee? 

• Yes, I wish I had hired the robo-advisor at this fee. 

• No, I am happy that I did not hire the robo-advisor at this fee. 

[Feedback if yes:] Next time, you should choose the maximum amount you really want 

to pay! 

[Feedback if no:] Great! 

 

[For those that hired a robo-advisor:] 

B) Do you wish that you had NOT hired the robo-advisor at this fee? 

• Yes, I wish I didn’t hire the robo-advisor at this fee. 

• No, I am happy that I hired the robo-advisor at this fee. 

[Feedback if No:] Great! 

[Feedback if Yes:] Next time, you should not choose an amount that is greater than 

what you really want to pay! 
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3. [For those that did not hire a robo-advisor:] 

A) If the pricemeter stopped on $X instead of $Y (X should be chosen by the computer 

uniform-randomly to something less than or equal to Z) would you have had hired the 

robo-advisor?  

• Yes 

• No 

[Feedback if yes:] Correct! 

[Feedback if no:] Wrong. If the pricemeter stopped on $Y, this would mean that the fee 

of the robo-advisor is now $Y which is cheap enough for you to hire it. 

 

 [For those that did hire a robo-advisor:] 

B) If the pricemeter stopped on $X instead of $Y (X should be chosen by the computer 

randomly to something greater than Z) would you have had hired the robo-advisor?  

• Yes 

• No 

 

Feedback if yes: Wrong. If the pricemeter stopped on $Y, this would mean that the fee 

of the robo-advisor is now $Y which is more expensive than what you are willing to pay! 

Feedback if no: Correct! 
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Chapter B

B.3 Experiment Interface

Figure B3.1: Introduction to Hire a Robo-Advisor

189



Chapter B

Figure B3.2: Before the Random Price Realization

Figure B3.3: Random Price Realization in Real Time
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Figure B3.4: After the Random Price Realization - Hired

Figure B3.5: After the Random Price Realization - Not Hired
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Figure B3.6: After the Random Price Realization - Hired

Figure B3.7: Making Decisions with a Robo-advisor

192



Appendix C

Appendix for
Mental Models
and Endogenous Learning
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Chapter C

C.1 Additional Results

Figure C1.1: Evolution of Displacement Relative to the First-Best Optimal Action

Notes: Figure shows the average displacement relative to the first-best optimal action for correctly

specified and overconfident agents across periods. Each observation in a period corresponds to an

individual action. The observations within a period are aggregated across treatments Exogenous and

Endogenous.
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Figure C1.2: Evolution of Displacement Relative to the Simulated Bayesian Action

Notes: Figure shows the average displacement relative to the simulated Bayesian action for correctly

specified and overconfident agents across periods. Each observation in a period corresponds to an

individual action. The observations within a period are aggregated across treatments Exogenous and

Endogenous.
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Figure C1.3: Evolution of Actions for Overconfident Subjects

Notes: Both Panel A and Panel B show the average action separately for overconfident subjects in Exogenous and

Endogenous across periods. Panel A presents the first-best optimal action as a benchmark. The blue dashed line in

Panel A represents the average first-best optimal action for overconfident subjects in Exogenous. The red dashed line in

Panel A represents the average first-best optimal action for overconfident subjects in Endogenous. Panel B presents the

average action a myopically optimizing Bayesian agent would take in the last period of the experiment as a benchmark.

The simulations are conducted using each subject’s prior beliefs about their abilities. The blue dashed line in Panel B

represents the average simulated Bayesian action for overconfident subjects in Exogenous whereas the red dashed line in

Panel B represents the average simulated Bayesian action for overconfident subjects in Endogenous.
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Figure C1.4: Evolution of Actions for Correctly Specified Subjects

Notes: Both Panel A and Panel B show the average action separately for correctly specified subjects in Exogenous and

Endogenous across periods. Panel A presents the first-best optimal action as a benchmark. The blue dashed line in

Panel A represents the average first-best optimal action for correctly specified subjects in Exogenous. The red dashed

line in Panel A represents the average first-best optimal action for correctly specified subjects in Endogenous. Panel B

presents the average action a myopically optimizing Bayesian agent would take in the last period of the experiment as a

benchmark. The simulations are conducted using each subject’s prior beliefs about their abilities. The blue dashed line in

Panel B represents the average simulated Bayesian action for correctly specified subjects in Exogenous whereas the red

dashed line in Panel B represents the average simulated Bayesian action for correctly specified subjects in Endogenous.
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Table C1.1: Estimation of Displacement Relative to the Simulated Bayesian Actions -

Overconfident Subjects

Panel A: Exogenous Panel B: Endogenous

Dependent Variable: ∆BAY ES Dependent Variable: ∆BAY ES

(1) (2) (3) (4) (1) (2) (3) (4)

α 11.95∗ 5.642∗ 3.458 0.418 28.08∗∗∗ 6.722∗ 7.145∗ 10.81∗∗

(5.249) (2.190) (1.676) (2.886) (6.341) (2.576) (2.556) (2.995)

Observations 20 20 20 20 22 22 22 22

Period 1 501 701 901 1 501 701 901

Notes: The table presents the average displacement relative to the first-best optimal action for overconfident agents in

Exogenous and Endogenous. Each column conducts the estimation ∆BAY ES = α + ε for the indicated period. Each

observation in a period corresponds to an individual action.
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Table C1.2: Estimation of Displacement Relative to the Simulated Bayesian Actions -

Correctly Specified Subjects

Panel A: Exogenous Panel B: Endogenous

Dependent Variable: ∆BAY ES Dependent Variable: ∆BAY ES

(1) (2) (3) (4) (1) (2) (3) (4)

α 5.972 -2.152 0.590 -1.401 -5.526 5.099∗ 2.381 2.634

(4.842) (2.978) (3.318) (2.364) (4.736) (2.415) (2.060) (1.700)

Observations 44 44 44 44 42 42 42 42

Period 1 501 701 901 1 501 701 901

Notes: The table presents the average displacement relative to the first-best optimal action for correctly specified agents

in Exogenous and Endogenous. Each column conducts the estimation ∆BAY ES = α + ε for the indicated period. Each

observation in a period corresponds to an individual action.
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INSTRUCTIONS 

Welcome 

You are about to participate in a decision-making experiment. In this experiment, you can 

earn a considerable amount of money, which will be paid to you through Venmo at the 

end of the experiment. The amount of money you earn will depend on your decisions. 

Therefore, it is in your best interest that you read these instructions carefully. If you need 

assistance, please raise your hand through the Zoom app. The experimenter will answer 

your question in a private chat.  

The experiment consists of four parts. One of these parts will be randomly selected for 

payment at the end of the experiment. In the part that is randomly selected for payment, 

you can make either $25 or $0. In addition to your earnings from the experiment, you will 

receive a show-up fee of $10 for participating in the experiment. This means that at the 

end of the experiment you will receive either a payment of $35 (if in the randomly selected 

part you made $25) or $10 (if in the randomly selected part you made $0). 

For each part of the experiment, you will be precisely instructed about your task. 

Please put away your cell phone and do not interact with other participants throughout 

the experiment. 

Instructions for Part 1 

You will go through an IQ test in this part of the experiment. Tests similar to this are 

frequently used to measure intelligence. 

The test consists of 10 questions, and you have 10 minutes to solve them. You should 

solve as many of the 10 questions as possible. Your earnings from this part of the 

experiment will be either $25 or $0. At the end of the experiment, we will randomly select 

one of your answers to the IQ test. If the selected answer is correct, you will earn $25 from 

this part of the experiment. This means the higher the number of correct answers, the 

more likely you will make $25 in this part of the experiment. 
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Instructions for Part 2 

We conducted the exact same IQ test with other participants who previously, exactly like 

you, participated in an experiment at UCSB Experimental and Behavioral Economics 

Laboratory. We randomly selected 19 of these participants. Together with these 19 

participants, you now form a group of 20 participants. 

We constructed a ranking of this group based on the IQ test scores. The group member 

that scored the highest on the IQ test obtained rank 1. The group member with the 

second-highest score obtained rank 2, and so on. The group member with the worst 

performance on the IQ test got rank 20. In case of a draw between group members, the 

computer randomly decided who received the higher rank. 

The computer then assigned you a color based on your ranking in your group. The top 

scoring members with ranking 1 to 4 are assigned Dark Green, the members with ranking 

5 to 8 are assigned Light Green, the members with ranking 9 to 12 are assigned yellow, 

the members with ranking 13 to 16 are assigned light red, and the bottom scoring 

members with ranking 17 to 20 are assigned dark red. 

How do you think you ranked on the IQ test? 

In this part of the experiment, we are interested in how you think you ranked based on 

your IQ test score within your group of 20. 

Your task is to submit your belief about how likely it is that you are assigned the color 

dark green, light green, yellow, light red or dark red based on the IQ test score rankings. 

To indicate your beliefs, you will use a slider. Where you move the slider will represent 

your best assessment of the likelihood (expressed as a chance out of 100) that you are 

assigned one of these colors. 

We will now go through an Explanation Stage to understand how the sliders work. 

--- 

In this Explanation Stage, I would like you to enter a hypothetical subject’s beliefs into the 

system. 

Let’s call this subject Ash. 
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Ash believes that their ranking is somewhere from 1st to 8th. However, they think it is 

more likely that they ranked from 1st to 4th rather than 5th to 8th. So, Ash believes they 

are more likely to be assigned the color dark green rather than light green. 

Suppose, specifically, that Ash believes they are assigned dark green with a likelihood of 

60 out of 100, and they are assigned light green with a likelihood of 40 out of 100. 

Let us now enter Ash’s beliefs into the system using sliders. 

--- 

Now I would like you to do another example on your own. 

In this exercise, you enter another hypothetical subject’s beliefs into the system. Let’s call 

this subject Blake. 

Blake believes their likelihood of ranking from 13th to 16th is 40 out of 100, and ranking 

from 17th to 20th is 60 out of 100. 

Please move the sliders to indicate Blake’s beliefs and finalize. 

 

Your Payment 

You will be paid based on the accuracy of your belief. Your earnings from this part of the 

experiment will be either 25 or 0 USD, depending on how accurate your belief is about 

your color assignment based on the IQ test scores. This means the higher the likelihood 

your belief assigns to your actual color, the more likely you will receive $25. 

If you understand this, you can click directly “Next”. If you want to know the details of how 

we calculate your payments, please click “Details”. 

 

[Details on Your Payment] 

After you state your belief, the computer will randomly draw a number k. This number is 

between 0 and 20,000. (More precisely, this number is drawn from a discrete uniform 

distribution on the interval from 0 to 20,000.) You will then receive $25 if the sum S is 

smaller or equal to k where S is the sum of the following elements: 
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• The squared deviation between the likelihood (out of 100) that you allocated to 

your actual color and 100 points. 

• For each possible color that is not your actual color: The squared deviation 

between 0 points and the number of points that you allocated to that color. 

The exact formula that we use to determine S is 

𝑆 = ∑(𝐼(𝑌𝑜𝑢𝑟𝐶𝑜𝑙𝑜𝑟 = 𝑐) × 100 − 𝐿𝑐)
2

𝑐∈𝐶

 

Where 𝐼(𝑌𝑜𝑢𝑟𝑅𝑎𝑛𝑘𝑖𝑛𝑔 = 𝑐) is an indicator function that takes the value 1 if your color is 

𝑐,   𝐶 = {𝐷𝑎𝑟𝑘𝐺𝑟𝑒𝑒𝑛, 𝐿𝑖𝑔ℎ𝑡𝐺𝑟𝑒𝑒𝑛, 𝑌𝑒𝑙𝑙𝑜𝑤, 𝐿𝑖𝑔ℎ𝑡𝑅𝑒𝑑, 𝐷𝑎𝑟𝑘𝑅𝑒𝑑} is the set of colors and 𝐿𝑖 is the 

likelihood (out of 100) that you assign to color 𝑐. 

While this formula might look complicated, the basic idea is very simple: you can secure the largest 

chance of winning $25 by reporting your most accurate belief about your assigned color. 
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Instructions for Part 3 

Welcome to the main part of the experiment! 

Introduction 

At the beginning of this part of the experiment, we will assign a project to you. Your job 

is to act as a project manager for a company. Specifically, we will ask you to repeatedly 

recommend investment decisions to the company on your assigned project to maximize 

total profits from this project over multiple periods. The higher the profit you generate 

from this project, the more likely you will earn $25 from this part of the experiment. 

Information on Projects 

Projects have different qualities. Higher quality projects generate more profits. 

Some projects are of higher quality than others. The project qualities can be any whole 

number between 0 and 100. The lowest possible project quality is 0, and the highest is 

100. The higher the quality of your assigned project, the higher your profits are from the 

project. 

You cannot choose or change your assigned project. 

Although a high-quality project increases your profits, you cannot choose your project or 

its quality. We will randomly assign a project to you at the beginning of the experiment. 

You will be working on the same project that we assigned you until the end of the 

experiment. 

You will not know your assigned project’s quality. 

The qualities of the projects vary between 0 and 100. All you will know about your 

assigned project’s quality is that it can be any whole number between 0 and 100. You will 

not know your assigned project’s quality until the end of the experiment. 

Recap: 

• You act as a project manager for a company in this part of the experiment 

• We randomly assign you a project at the beginning of this part of the experiment 

• You do not get to choose the project or its quality 

• You work on the same project until the end of the experiment 

• You repeatedly recommend to the company how much to invest into your assigned 

project 
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• Your assigned project’s quality can be any whole number between 0 to 100, each 

number equally likely 

• You do not know your project’s quality until the end of the experiment 

• Your goal is to maximize profits from the project you are assigned to 

How do you maximize the profit from your assigned project in each period? 

To make things easy for you, we designed the experiment so that it is straightforward to 

maximize the profit from your assigned project. You maximize your profit in each period 

by recommending an investment amount that exactly matches what you think your 

project’s quality is. 

Example. 

Suppose you believe that your project’s quality is 50. Then, you should recommend an 

investment amount of 50 to maximize the profit from the project in that period. Similarly, 

suppose you believe your project’s quality is 74. In that case, you should recommend an 

investment amount of 74 to maximize the profit from the project in that period. 

You can make sense of this simple profit-maximizing rule in the following way. If you have 

a high-quality project, you are better off investing a lot into that project as the return on 

that project is high. On the other hand, if you have a low-quality project, you are better 

off not investing too much into the project as the return on that project is low. Therefore, 

the profit-maximizing strategy is to match your recommended investment amount 

with the quality of the project. 

--- 

Now we will go through the details of calculating your profit when you recommend an 

investment decision. The instructions we will go through in the following pages might 

seem complex. However, please remember that we will NOT ask you to solve complex 

equations to maximize your profit during the experiment. The reason we provide these 

details is to ensure that you have a complete understanding of the experiment’s rules. 

The idea behind profit maximization is straightforward: recommend the investment 

amount that matches what you believe your project’s quality is. You do not need to 

worry about maximizing your profit as long as you match your investment amount to 

what you think your project’s quality is. 

Please feel free to ask any questions along the way. 
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Details of Profit Calculations 

The way we calculate profit in each period is straightforward. First, we will calculate the 

income you generate from the project and subtract the investment cost to calculate the 

profit. Then, we add a bonus of 5000 to ensure that no one ends up with a negative profit 

in the experiment. 

𝑃𝑟𝑜𝑓𝑖𝑡=𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝐼𝑛𝑐𝑜𝑚𝑒−𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐶𝑜𝑠𝑡+5000 

As you see, profits have two main components: project income and investment cost. We 

will now go through each of these components individually. 

Step 1: Project Income 

1. Project Quality refers to the intrinsic quality of the project: 

o It will be a whole number between 0 and 100 in the experiment. 

o Higher quality projects generate higher incomes 

2. Investment Amount refers to the amount you recommend the company to invest into the 

project: 

o You can choose any number between 0 and 100 as your Investment Amount 

o The higher the amount that is invested into your project, the higher the project 

income you generate 

3. Your IQ Rank Score refers to your ranking in the IQ test you have completed in the 

previous part of the experiment. The Blue Table below describes how each ranking 

corresponds to a score: 

o The higher your ranking in the IQ test you have completed at the beginning of the 

experiment, the higher the project income you generate 

 

 

 

 

 

Specifically, we calculate the project income using the following equation: 

𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝐼𝑛𝑐𝑜𝑚𝑒=𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦×(𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐴𝑚𝑜𝑢𝑛𝑡+𝑌𝑜𝑢𝑟𝐼𝑄𝑅𝑎𝑛𝑘𝑆𝑐𝑜𝑟𝑒) 

Your Ranking 1-4 5-8 9-12 13-16 17-20 

Your 

IQRANKSCORE 
100 80 60 40 20 
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Step 2: Investment Cost 

Investments you recommend to be made into the project have costs. The higher the 

amount you recommend to be invested, the higher the investment cost. 

Specifically, we calculate the investment cost using the following equation: 

𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐶𝑜𝑠𝑡 =
(𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐴𝑚𝑜𝑢𝑛𝑡)2

2
 

We can rewrite the full profit equation as 

𝑃𝑟𝑜𝑓𝑖𝑡 = 𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦 × (𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐴𝑚𝑜𝑢𝑛𝑡 + 𝑌𝑜𝑢𝑟𝐼𝑄𝑅𝑎𝑛𝑘𝑆𝑐𝑜𝑟𝑒)

−
 (𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐴𝑚𝑜𝑢𝑛𝑡)2

2
+ 5000 

The green part of the profit equation is the income from the project and the red part of 

the profit equation is the investment cost. 

If you have taken calculus, you can verify that the profit is maximized when you match the 

investment amount to the project’s quality 

𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝐴𝑚𝑜𝑢𝑛𝑡=𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦 

Recap: 

• You maximize your profit in each period by matching your recommended 

investment amount to what you believe the project’s quality is 

• Higher quality projects generate higher profits 

• We calculate an IQ rank score for you based on your ranking on the IQ test 

• Higher IQ rank score generates higher profits 

 

Will the company follow your investment recommendations immediately? 

The company originally planned to invest an amount of 100 in each period on your project 

before your assignment. However, the company will immediately implement your 

recommended investment decisions and choose the amount you recommend in each 

period rather than the originally planned investment amount of 100. 
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Will you know how much profit you make after each investment decision? 

A crucial point in the experiment is that you will not know how much profit you make 

after each investment decision. Instead, you will get an evaluation from your company if 

your profit is above or below your company’s profit expectation. Since the company 

immediately implements your recommendations in each period during the experiment, 

the evaluations you get from the company will be based on your investment 

recommendations, not based on the company’s originally planned investment amount of 

100. 

Recap: 

• The company immediately implements your recommended investment decisions 

• You will not know how much profit you make after each investment decision 

• …but you will know if you beat your company’s profit expectation or not 

• The evaluation you get from the company during the experiment is based on your 

recommended amount 

How does the company determine its profit expectation? 

The lowest possible profit you can generate in the experiment is 0, and the highest is 

20,000. In each period, the company will randomly choose a profit amount, call it X, from 

the lowest possible profit amount (0) to the highest one (20,000) to expect from your 

project. If your profit is at or above X in a period, you beat your company’s profit 

expectation. If your profit is below X, you do not meet your company’s profit expectation. 

Note that the higher your profit, the more likely you beat your company’s profit 

expectation. 

Will you know your company’s profit expectations while making your decisions? 

You will not know your company’s profit expectation X before or after making your 

investment decision. The only information we will provide is if the profit you generate is 

above or below this profit expectation X. 

What happens when you beat your company’s profit expectation? 

Once you make your last decision in the experiment, we will randomly select a period. If 

the profit based on your recommended investment decision beats the company’s profit 

expectation in the randomly selected period, you earn $25 from this part of the 

experiment! 
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Recap: 

• Your company chooses a number X between 0 and 20,000 as its profit expectation 

in each period, you will not know what X is 

• The higher your profit, the more likely you beat your company’s profit expectation 

• If you beat your company’s profit expectation in a randomly selected period, you 

earn $25 from this part of the experiment 

 

We have established that you maximize profit in a period by matching your recommended 

investment amount with your project’s quality. However, you do not know what your 

project’s quality is! We will now go through how you can make some sophisticated 

guesses about your project’s quality. 

 

How can you make sophisticated guesses about your project’s quality? 

You can use your company’s profit feedback to help you better understand your IQ rank 

score and your project’s quality. Remember that your profits increase with your IQ rank 

score and your project’s quality. Hence any feedback that tells you that you beat the 

company’s profit expectation is good news for your IQ rank score and your project’s 

quality. 

On the other hand, any feedback that tells you that you did not beat the company’s 

expectations is bad news for your IQ rank score and your project’s quality. 

To help you interpret the feedback that you get from the company, we will provide you 

with an expert statistician. In each period, the statistician will prepare a report for you, 

which you can use to make sophisticated guesses about your project’s quality. 
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The Statistician’s Report 

These reports are going to look like the one on this page: 

The Statistician’s Report 

Your IQ Rank 

Score 
Project Quality 

20 75 

40 71 

60 69 

80 66 

100 65 

The report is very straightforward to read. The statistician tells you: 

• If your IQ rank score is 20, you should expect your project’s quality to be 75. 

• If your IQ rank score is 40, you should expect your project’s quality to be 71, and 

so on. 

Depending on what you believe your IQ rank score is, you may then make a sophisticated 

guess about your project’s quality. 

The statistician will update the report in each period incorporating the evaluations you 

receive from your company up until that period. 

 

Instructions for Part 4 

Please remember that at the beginning of the experiment, we assigned each participant 

in this session to a group with 19 other randomly selected people who had previously 

taken the same IQ test at UCSB Experimental and Behavioral Economics Laboratory.  

We then constructed a ranking of each group based on the IQ test scores, and the 

computer assigned you a color based on your ranking in your group of 20. 

The top scoring members with ranking 1 to 4 are assigned Dark Green, the members with 

ranking 5 to 8 are assigned Light Green, the members with ranking 9 to 12 are assigned 

yellow, the members with ranking 13 to 16 are assigned light red, and the bottom scoring 

members with ranking 17 to 20 are assigned dark red. 
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In this part of the experiment, we are again interested in how you think you ranked based 

on your IQ test score within your group of 20. 

Your task is to submit your belief about how likely it is that you are assigned the color 

dark green, light green, yellow, light red or dark red based on the IQ test score rankings. 

To indicate your beliefs, you’ll use a slider exactly as before. 

Your Payment 

You will be paid based on the accuracy of your belief. Your earnings from this part of the 

experiment will be either 25 or 0 USD, depending on how accurate your belief is about 

your color assignment based on the IQ test scores. This means the higher the likelihood 

your belief assigns to your actual color, the more likely you will receive $25. 

If you understand this, you can click directly “Next”. If you want to know the details of how 

we calculate your payments, please click “Details”. 

[Details are identical to Part 2’s Payment Details] 
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Understanding Quiz 

Question 1. 

Do you get to choose your project or its quality in the experiment? 

• Yes, I choose both the project and its quality 

• No, I do not get to choose either the project or its quality 

• I only choose the project, but I don’t get to choose its quality 

• I do not get to choose the project, but I choose its quality 

Question 2. 

What type of decisions do you make on the project you are assigned to? 

• I repeatedly give recommendations on how much the company should invest in the project  

• I repeatedly give recommendations on how many projects the company should undertake 

• I repeatedly give recommendations on whom to delegate the project 

• I repeatedly give recommendations on which company should be responsible for the project 

Question 3. 

When do you learn your assigned project’s quality? 

• At the beginning of the experiment 

• After my first investment decision 

• Before my last investment decision 

• At the end of the experiment 

 

Understanding Quiz II 

Question 1. 

How do you maximize your profit in a period in the experiment? 

• I match my recommended investment amount to the project’s quality  

• I match my recommended investment amount to my IQ Rank score 

• I match my recommended investment amount to investment cost 

• None of the above 
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Question 2. 

Suppose you believe your project’s quality is 62 in a period. 

What investment amount maximizes your profits in that period? 

• 31 

• 62 

• 93 

• Not enough information to answer this question 

Question 3. 

Which of the below factors increase profits? [Multiple choice available.]  

• Project’s Quality 

• My IQ Rank Score 

• Investment Cost 

Question 4. 

What is your IQ rank score if you rank 1st in your group on the IQ test you have previously taken? 

• 0 

• 20 

• 60 

• 100 

Question 5. 

What is your IQ rank score if you rank 5th in your group on the IQ test you have previously taken? 

• 0 

• 20 

• 60 

• 100 
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Understanding Quiz III 

Question 1. 

When will the company implement your recommended investment decisions for each period? 

• Immediately after I make my decisions 

• Once I make my last decision 

• At the beginning of the experiment, before I make any decision 

• After I make my first decision, but before my last decision 

 

Question 2. 

What will we tell you after each investment decision you make? 

• How much profit I make 

• An evaluation from the company if my profit is higher than the company’s profit expectation or 

not 

• My assigned project’s quality 

• My IQ rank score 

Question 3. 

Before you make your last decision in the experiment, the evaluations you get from the company are 

based on which investment decisions? 

• My recommended investment decisions 

• The company’s originally planned investment amount of 100 

• Neither my recommended investment decisions nor the company’s originally planned 

investment amount of 100 

• Both my recommended investment decisions and the company’s originally planned investment 

amount of 100 
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Understanding Quiz IV 

Question 1. 

How does the company choose its profit expectation in each period? 

• It randomly chooses a number between the lowest and highest possible profit amounts (0 and 

20,000) 

• It uses historical data  

• It uses investment costs 

• It uses project’s quality 

 

Question 2. 

How do we decide to pay you $25 in this part of the experiment? 

• If my recommended investment decision generates a profit that beats my company’s profit 

expectation in the first period 

• If my recommended investment decision generates a profit that beats my company’s profit 

expectation in the last period 

• If my recommended investment decision generates a profit that beats my company’s profit 

expectation in a randomly selected period  

• None of the above 

 

Understanding Quiz V 

Question 1. 

If you beat your company’s profit expectations in a period, this is good news for  

• Only your IQ rank score 

• Only the project’s quality 

• Both your IQ rank score and the project’s quality 

• Neither your IQ score nor the project’s quality 
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Question 2. 

 

 

 

 

 

 

 

 

 

If you think your IQ rank score is 60, what should you expect your project’s quality to be according to the 

statistician’s report? 

• 75 

• 71 

• 69 

• 66 

 

Question 3. 

If you think your IQ rank score is 80, what should you expect your project’s quality to be according to the 

statistician’s report? 

• 75 

• 71 

• 69 

• 66 

 

The Statistician’s Report 
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