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ABSTRACT

This dissertation consists of three essays that use lab and online experiments to
investigate how individuals make decisions under uncertainty, in social contexts,
and when forming beliefs about others. Each essay introduces a distinct setting,
but all share a common goal, which is to improve our understanding of human
decision-making.

Chapter 1 examines commitment contracts. Their high rates of failure raise concerns
since individuals may end up worse off than if they had never committed. We
investigate whether some of these failures are actually anticipated, with individuals
recognizing that future uncertainty might make failing the contract the best option
upon some realizations of uncertainty. We refer to this behavior as planning for
the possibility of failure. This approach is different from the usual interpretation of
failures, which we call failing to plan, as it attributes failures to take-up mistakes.
To study whether individuals plan for the possibility of failure, we conducted a
controlled lab experiment designed to detect patterns of such planning. Our findings
indicate that about one-third of all commitment choices can be attributed to this kind
of foresight. This suggests that planning for failure is common, and that high failure
rates are not necessarily driven by mistaken commitments. Thus, they do not by
themselves call into question the value of commitment contracts.

The second essay studies the decision to ask for help—a behavior that can be critical
in addressing information asymmetries but is often avoided. In an online experiment,
we find that making potential helpers even minimally identifiable (e.g., through an
uninformative ID number) significantly increases the likelihood of asking. Belief
data suggest that this effect stems from shifts in how individuals weigh expected
payoffs and other factors (particularly social ones) when deciding whether to ask.

The third essay explores how people expect others to update their beliefs upon
receiving new information. We find that when two individuals have different priors,
people expect others’ beliefs to move toward their own prior upon receiving new
information. Although this result is consistent with the theoretical predictions for
Bayesian agents, we find no support for the precision of information affecting the
magnitude of the shift in the way the theory predicts. We find that this effect occurs
not only due to under-updating of one’s own beliefs but also due to recognition of
under-updating by others.
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INTRODUCTION

This dissertation presents three essays in experimental economics, each based on

either a laboratory or an online experiment. Experimental methods o�er a uniquely

powerful way to test economic theories and uncover behavioral mechanisms that

are otherwise di�cult to observe in the �eld. By creating controlled environments

where key variables can be isolated and systematically varied, experiments allow

us to directly measure how people respond to uncertainty, incentives, and social

context. Together, these essays highlight the richness of experimental economics as

a tool for uncovering patterns in human decision-making.

Chapter 1 studies commitment contracts. They are designed for time-inconsistent

agents, who are torn between an immediate pleasure and pursuing a long-term goal,

such as watching TV vs. going to the gym. Thus, one can predict it would be hard

for them to go to the gym tomorrow, so they can promise $10 to their friend if they

skip it. Despite the threat of a penalty designed to keep people consistent, studies on

commitment contracts report high failure rates and the corresponding frequent loss

of money. The standard interpretation in the literature says that failures happen due

to failing to planthe contracts. For example, people could underestimate the size of

the penalty required (Bai et al., 2021; Carrera et al., 2022; Heidhues and K®szegi,

2009).

We study whether individuals expecting future uncertainty sometimes make it op-

timal to fail their commitment contracts under some uncertainty realizations. We

call thisplanning for the possibility of failure. The state of the world, in which the

participants are to do the action, is inherently uncertain, as the action occurs in the

future. For people to commit, there should be some states of the world, in which

the contract encourages them to do the action. But there is no need forall states of

the world to be like that. So long as commitment is bene�cial in expectation, the ex

ante possibility of failure does not matter.

In our lab experiment designed to explore whether people plan for the possibility of

failure, participants come to the lab twice. In the experiment, the participants had

the opportunity to transcribe lines of Greek letters. On Day 1, they could commit

to transcribing a certain number of them, and one week later, on Day 2, they could

conduct the transcriptions. In the experiment, we can control the cost of action and

make it, by chance,low or high. Thus, on Day 1, the participants know that they will
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face, by chance, low or high costs when the time comes to do the action. However,

they only have an opportunity to commit on Day 1, so the commitment will have to

apply regardless of the cost realization. As the costs are either low or high, planning

for the possibility of failure becomes equivalent to planning to fail upon the high

realization of costs.

Our participants took up around half of all commitment contracts we o�ered to them,

while about 70% of participants took up at least one option available. If people do

not plan for the possibility of failure, all contracts for uncertain costs would provide

enough motivation under the high realization of costs. However, more than a third of

the contracts in the data lack the necessary motivation. We conclude that planning

for the possibility of failure is extensive. It has many implications, and one suggests

that the money people lose due to commitment is not necessarily a by-product of

their mistakes.

Chapter 2 suggests and studies a practical tool for increasing the frequency of asking

for help. People in need often choose not to ask for help, despite the fact that asking

can be critical for receiving it. Prior research highlights that asking increases giving

(Andreoni and Rao, 2011), yet many refrain from asking due to psychological

and social barriers (Bohns, 2016; Jaroszewicz et al., 2022; Lee, 1997). Our study

contributes to the e�ort of encouraging asks by testing a simple, scalable intervention

that makes potential helpers only marginally more identi�able�assigning them

uninformative ID numbers.

In our Proli�c experiment, participants were randomly assigned to be askers or

helpers. Helpers received higher initial payments, while askers could request help

by asking for a transfer from a helper. In the Treatment ID condition, askers

were shown the uninformative ID of their potential helper; in the Treatment No ID

condition, they were not. We �nd that displaying even a weak form of identi�ability

signi�cantly increases asking rates�from 67% to 76.5%. Moreover, the role of

beliefs di�ers sharply between treatments: in Treatment ID, askers' expected payo�

predicts asking, while in Treatment No ID, other factors�such as expectations about

others' asking behavior�play a stronger role.

These �ndings advance the literature on help-seeking by o�ering a practical tool

for increasing asks and providing a novel explanation for identi�ability e�ects.

We show that even minimal identi�ability can change behavior and that beliefs

about others matter more when identi�ability is absent. Our study complements

existing psychological and neurological explanations of identi�ability e�ects and
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demonstrates that these phenomena extend beyond laboratory settings to online

platforms like Proli�c. The simplicity of the intervention suggests potential for

broad application in charitable, organizational, and policy contexts.

Chapter 3 explores how people expect others to update their beliefs. While the belief-

updating process itself has been extensively studied (see, for example, Benjamin,

2019, for an overview), much less is known about how individuals think others

revise their beliefs in response to new information. From a theoretical perspective,

Kartik et al., 2021 examine this question for Bayesian agents. Let Bob be the person

who receives a signal about the true state of the world, and let Anne be the person

who forms an expectation about Bob's posterior. If Anne and Bob have di�erent

non-degenerate priors over a binary state of the world, Kartik et al., 2021 show

that: (1) Anne expects Bob's posterior to shift closer to her own prior; and (2) the

magnitude of this shift increases with the precision of the signal.

We use a Proli�c experiment to test this theory. Unlike most studies on belief

updating, we elicit individual home-grown beliefs about factual statements,1 rather

than constructing an arti�cial environment. We elicit individuals' own beliefs, their

beliefs about others' posteriors conditional on the signal realization, and their beliefs

about the average posterior of other participants.

Although we �nd support for the �rst part of the Bayesian prediction, there is little

evidence that signal precision a�ects Anne's beliefs about the average posterior of

others. This result has important implications for Bayesian-based models of belief

updating about others. For example, in Kartik et al., 2021, the precision e�ect plays

a central role in predicting that more precise tests may deter some individuals from

taking them. Our results suggest that such concerns may be overstated: the potential

reduction in participation due to increased precision appears limited compared to

the informational gains from more precise testing.
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C h a p t e r 1

FAILING TO PLAN OR PLANNING TO FAIL: A STUDY ON
COMMITMENT FAILURE

1 INTRODUCTION

People regularly fail to achieve long-term goals, which is often attributed to time

inconsistency (DellaVigna and Malmendier, 2004; Laibson, 1997; O'Donoghue

and Rabin, 1999). For example, people make New Year's resolutions, which they

often cannot maintain even for a week (Norcross and Vangarelli, 1988). Time

inconsistency provides a speci�c mechanism for such failures: temptation and

self-control issues. Time-inconsistent individuals may exhibit a disproportionate

preference for immediate consumption, leading them to deviate from long-term

objectives.

Commitment contracts are designed to prevent such deviations. They discourage

people from drinking alcohol (Schilbach, 2019), smoking cigarettes (Chaloupka

et al., 2019, December; Giné et al., 2010; Halpern et al., 2015), skipping doctor

appointments (Bai et al., 2021) and gym sessions (Carrera et al., 2022; Royer et al.,

2015). Yet, these studies regularly show that at least30%of participants fail to follow

through with their commitments as summarized by John, 2020. The most widely

discussed explanation is underestimating one's present bias: individuals commit,

but the incentives provided by the contract turn out to be too weak to change their

behavior (Bai et al., 2021; Heidhues and K®szegi, 2009). Mean-zero mistakes in

evaluating the bene�ts of a contract are another possible source of failures (Carrera

et al., 2022). From both of these perspectives, the failures are unplanned: an

individual takes up a commitment contract while aiming to follow through.

In this study, we consider an alternative possibility: when individuals face uncer-

tainty, can they deliberately choose the contracts they can, by chance, fail? We call

this phenomenon theplanning for the possibility of failuremotive. For example,

an individual may promise her friend to pay him $10 if she misses a gym session

the following day. We can expect this commitment to force her to go to the gym

on a regular day, but if she feels sick, she might pay $10 and miss the session. If,

instead, she promised to pay $100 to her friend, we can expect her to go to the gym

despite it being a suboptimal action. That is why she might want a contract with a
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$10 penalty while being aware that, with some chance, she may fail it.

By studying if people can plan for the possibility of failure, we take the �rst step

toward assessing the empirical relevance of planned failures, as this process can

be challenging. For example, asking an individual about her chance of failing

a commitment contract is far from innocuous. If the individual is asked before

committing, the question itself can interfere with her choice. If asked after deciding

whether to commit, her decision on commitment take-up can a�ect her response.1

Thus, a committed individual might overestimate her chance of following through

to ex-post validate her decision. Meanwhile, evidence from other economic �elds

suggests that people might fail to incorporate future uncertainty into their decisions

(Kueng, 2018; Leary and Wang, 2016; Shapira and Venezia, 1999), which makes

our research question far from trivial.

To answer our research question, we create uncertain costs in a lab experiment and

allow our participants to design their own commitment contracts. Our participants

engage in Greek letter transcriptions, which are regularly chosen for commitment

studies in laboratory settings (Augenblick, Niederle, and Sprenger, 2015; Ek and

Samahita, 2023). We introduce uncertain costs by randomly assigning Short or Long

tasks to the participants. These tasks are paid equally per amount completed; how-

ever, it takes longer to complete one Long task. Subjects can choose a commitment

on the minimal amount of tasks to be completed in the future. This commitment

consists of a number of tasks and an amount of money: if a participant commits

and then does fewer tasks than the contract states, she loses the money. Notably, the

participants who want to commit can select the number of tasks and the amounts of

money across a wide range of positive numbers.

We focus on the contracts that state the number of tasks and the amount of money to

alwaysapply: no matter if the participants, by chance, get Short or Long tasks. We

compare these contracts to the ones that apply contingently to getting Long tasks.

We assume that the contract for Long tasks motivates her to do precisely the number

of Long tasks required by this contract. Therefore, if a contract that always applies is

more demanding than the one contingent on getting Long tasks,2, we conclude that

this contract is planned to be failed upon getting Long tasks. We call such contracts

partial. Our primary goal is to estimate the proportion of partial contracts, which

would be the lower bound of all contracts planned to be failed.
1The `illusion of control,' described by Langer, 1975, can be one of the reasons.
2I.e., it either is supposed to motivate doing more tasks using the same penalty, or uses a lower

penalty to motivate doing at least as many tasks.
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We conduct our experiment with 76 subjects drawn from the UCSD undergraduate

population. We estimate the share of partial contracts to be30� 40%. We test the

validity of our partial contracts measure based on the theoretical result connecting

the proportion of contracts planned to be failed and the costs of doing the tasks. We

�nd a positive relationship between the proportion of partial contracts and the costs

of doing the tasks, which is aligned with the model's prediction.

The primary implication of our study is that commitment contracts as a tool should

not be dismissed based on extensive failures. These failures led a few recent studies

to demonstrate a decrease in welfare after introducing commitment options (Bai

et al., 2021; Carrera et al., 2022; John, 2020). Yet, as we �nd individuals capable

of planning for the possibility of failure, the source of failures requires examination

beyond that bound to speci�c modeling approaches. In the paper, we argue that the

planning for the possibility of failure motive can explain many failures in previous

studies. Even failure rates higher than 30% have the potential to stem entirely from

planning (in the studies by Carrera et al., 2022; John, 2020; Royer et al., 2015, based

on our assessment).

We collect empirical evidence that allows us to make other contributions to studies

on commitment contracts. First, we observe extensive take-up of commitment

options with very low penalties for failure (below $1). One interpretation is that

the participants are mostly unaware of their time inconsistency. This result is

usually obtained by methods not based on commitment choices (Augenblick and

Rabin, 2019; Fedyk, 2016). Meanwhile, commitment-based estimations suggest

that people are primarily aware of their time inconsistency (Bai et al., 2021; Carrera

et al., 2022; Chaloupka et al., 2019, December). Therefore, the lack of extremely

low penalties in previous studies can be one of the reasons for this gap. Second, we

observe extensive commitment take-up just thirty minutes before doing the tasks.

On the one hand, it can be analyzed as any take-up made in advance. On the other

hand, this result can be considered evidence of commitment take-up for reasons other

than addressing one's time inconsistency (Bonein and Denant-Boèmont, 2015; Kaur

et al., 2015; Schilbach, 2019).

The policy implications of our study are not limited to the potential use of commit-

ment contracts despite high failure rates. We �nd that demand forsomecommitment

is mostly determined by individual characteristics rather than characteristics of a

speci�c contract. It suggests an opportunity to o�er corrections to address individ-

uals' mistakes. For example, the participants willing to commit can be explained
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by the tendency people have to underestimate their time inconsistency, and can be

o�ered a more restrictive contract instead of their own choice.

The paper proceeds as follows. Section 2 reviews the related studies. Section 3

shows the theoretical model that develops our identi�cation strategy. Section 4

describes the design of our lab experiment and the sample. Section 5 provides the

results of our experiment, and Section 6 discusses them. Section 7 concludes.

2 RELATED LITERATURE

Commitment contracts are designed to help time-inconsistent individuals achieve

long-term goals. Many of these contracts consist of an action and a monetary penalty:

if an individual fails to perform the action in the future, they must pay the penalty. We

refer to these contracts aspenalty-based.3 Unlike the contracts that reward people for

their behavior, penalty-based contracts are self-�nanced and do not require external

funding. These contracts have been shown to discourage engagement in undesirable

actions such as drinking alcohol (Schilbach, 2019), smoking cigarettes (Giné et al.,

2010; Halpern et al., 2015), skipping doctor appointments (Bai et al., 2021), and

missing the gym (Carrera et al., 2022; Royer et al., 2015). Other contracts have

helped many individuals save money (John, 2020), make healthier food choices

(Schwartz et al., 2014), and achieve other goals (Burger and Lynham, 2010; Exley

and Naecker, 2017; Kaur et al., 2015).

Commitment failures attract attention due to their surprisingly large scale.4 There is

no clear reason for regular failures since participants voluntarily take up commitment

contracts in the aforementioned studies. Therefore, we can expect them to follow

through with the contracts and keep the money. The naivete of participants has

long been considered the primary reason for failures in penalty-based contracts (Bai

et al., 2021; Heidhues and K®szegi, 2009; John, 2020). Intuitively, participants

may underestimate the large penalty required to motivate the desirable action and

choose a commitment contract with too small a penalty. Then, when the time

comes to perform the action, they not only fail to do so but also incur the penalty.

Carrera et al., 2022 suggests that stochastic valuation errors may also contribute to
3Other commitment contracts might reward people for their behavior (Acland and Levy, 2015;

Aksoy et al., 2023; Allcott, Kim, et al., 2021; Avery et al., 2019; Chaloupka et al., 2019, December;
Severine Toussaert, 2019) or impose restrictions on it (Allcott, Gentzkow, and Song, 2022; Brune
et al., 2021; Casaburi and Macchiavello, 2019; John, 2020).

4Column 6 of Table 1.3 provides examples of the proportion of penalty-based commitment
contracts that are failed. John, 2020 summarizes failures across di�erent types of contracts.
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this issue. They model the utility of a commitment contract as random, where a

contract-speci�c term ampli�es a mean-zero error term. Despite the error being

symmetric around zero, it can considerably contribute to mistaken contract take-up.

Overall, di�erent reasons for take-up mistakes are currently explored as the main

explanation for extensive failures.

While we are the �rst to empirically demonstrate that individuals can plan for

occasional failures, we are not the �rst to introduce stochastic costs into the analysis.

Laibson, 2015 examined their impact theoretically by analyzing take-up and failures

for a uniform distribution of the costs of performing an action. John, 2020 introduces

stochastic shocks to monthly income but �nds this type of shocks incapable of

explaining the failures in her study. Carrera et al., 2022 introduced a stochastic

distribution of costs for going to the gym but found that the change in welfare

was overall negative, which is incompatible with failures being anticipated by the

participants. At the same time, Allcott, Kim, et al., 2021 emphasize that it is

the stochastic repayment cost shocks that allow their model of payday loans to

be compatible with the data. They found that access to payday loans increased

participants' welfare across many model speci�cations.

So far, the possibility that people anticipate commitment failures has been introduced

in theoretical modeling, but it has been unclear whether individuals adjust their

commitment contract take-up as we expect them to. Notably, individuals have

only limited ability to adjust their consumption (Kueng, 2018) and payday loans

(Leary and Wang, 2016) even in response to deterministic changes in their future

income. Further, Shapira and Venezia, 1999 �nd that, given the role of insurance

sellers, individuals cannot do screening between `careful' and `negligent' people

using contract prices. In addition, participants can neglect lower realizations of

costs altogether if they underestimate their time-inconsistency and believe that their

actions do not need to be incentivized if the costs are low.

The take-up data in our study suggests that many participants might commit for

reasons other than to manage one's time inconsistency. Previous studies discuss

such reasons as signaling others (Exley and Naecker, 2017), peer pressure (Bonein

and Denant-Boèmont, 2015), and social pressure (Kaur et al., 2015; Schilbach,

2019). Notably, these reasons are di�erent from the factors that interfere in the

process of managing one's time-inconsistency, such as valuation errors (Carrera

et al., 2022) or costly experimentation (Kaur et al., 2015).

Estimates of the perceived present bias parameterbVvary between di�erent studies.
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Estimations based on commitment choices (Bai et al., 2021; Carrera et al., 2022;

Chaloupka et al., 2019, December) suggest it to be signi�cantly below1, which is

the naivete benchmark for time-inconsistent agents. Meanwhile, other methods �nd

participants naive about their present bias (Augenblick and Rabin, 2019; Fedyk,

2016). In our study, we give the participants an opportunity to commit under

very low penalties. The small penalties that participants choose in our study fully

correspond to the estimates of the perceived present bias parameter being close to

1: individuals can believe that even a negligible penalty would be enough to change

their behavior. We merely suggest the lack of �exibility in commitment contracts

as a reason for discrepancy. This is because there are many di�erences between the

aforementioned studies; for example, the estimates of commitment contracts were

conducted in the �eld, while other studies were conducted in the lab.

Our approach to stochastic costs and anticipation of failure connects our study to

other economic �elds. In a standard principal-agent framework, we can consider

an agent's current self as a principal and her future self as an agent. Then, a com-

mitment contract that allows the individuals to plan for occasional failures becomes

a screening device for agents with di�erent uncertainty realizations. Shapira and

Venezia, 1999 gave their experiment participants an opportunity to act as insurance

sellers that can o�er two types of contracts: with full coverage and a deductible.

They found that feedback and instructions were required before participants could

set the prices to these contracts so that they could screen between `careful' and

`negligent' potential buyers. The study by Posey and Yavas, 2007 supports this idea

by providing evidence that creating an experimental insurance market leads to the

predictions of screening equilibrium over time.

Our results are also connected to a broad discussion on Keynesian decision-makers:

can people adjust their decisions to uncertainty in the future? Individuals have only

limited ability to adjust their consumption Kueng, 2018 and payday loans Leary

and Wang, 2016 even in response to deterministic changes in their future income.

We �nd our participants capable of adjusting their commitment contracts to the

uncertainty in the future. This makes our results in line with the literature on the

preferences for commitment and �exibility, which assume that individuals can plan

ahead (Afzal et al., 2019, May; Amador et al., 2006; Galperti, 2015; Séverine

Toussaert, 2018).
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3 MODEL

In our experiment, we exogenously introduce uncertain costs, which are realized

after individuals decide whether to commit or not. In this section, we build a

theoretical framework for identifying the contracts that are planned to be sometimes

failed. We consider only two realizations of cost functions, which correspond to our

experiment design. However, the straightforward intuition behind our model makes

it adaptable to other setups or distributions of costs.

3.1 Setup

We consider a two-period model for a¹V–bV– Xº agent (O'Donoghue and Rabin,

2001). The agent has an opportunity to earn money by completing Greek-letter

transcription tasks. A participant can commit to completing a certain number of

tasks. Speci�cally, she can take up a penalty-based commitment in period1. In

period2, the agent engages in the tasks and receives payment. Since there is no

time di�erence between the engagement in the tasks and payment�neither in the

model nor in our experiment�we omit the exponential discounting parameterX

from consideration by setting it equal to1. Further, we assume that the present

bias e�ect on the monetary amounts is negligible compared to that on consumption

(Augenblick, Niederle, and Sprenger, 2015; Cerrone et al., 2023; Imai et al., 2021).

We introduce uncertain costs by making the tasks, by chance, either Short (( ) or

Long (! ); each Short task contains fewer Greek letters than a Long one. The agent

gets all her tasks to be Short with chance0 Ÿ ? Ÿ 1, and all her tasks to be Long

with chance1 � ?. She learns the length of her tasks at the beginning of period

2. Therefore, the agent has the opportunity to commit only while the costs are

uncertain. Regardless of the length of her tasks, the agent receives a piece-rate wage

F for each task she completes. We assume that the agent maximizes her expected

consumption �ow and that her consumption is quasilinear in money.

In period1, the agent prefers her future self to completeC¢ ¹Wº tasks in period2 if

she receives tasks of the di�cultyW:

C¢ ¹Wº = argmax
C

FC� � ¹C– Wº– (1.1)

where the function� ¹C– Wº referees to the costs of completingCtasks of the di�culty

W. We denote longer tasks with larger values ofW. We impose a few assumptions

on the Cost function� ¹C– Wº.
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(I) Doing 0 tasks has no cost, regardless of task complexity.� ¹0– Wº = 0 8W.

(II) Costs are increasing and convex w.r.t. the number of tasksC. m� ¹C–Wº
mC ¡ 0 and

m2� ¹C–Wº
mC2 ¡ 0.

(III) She gets tired faster from an additional task when doing more complex tasks
m2� ¹C–Wº

mC mW¡ 0.

(IV) Costs increase faster when doing more complex tasksm3� ¹C–Wº
mC2 mW ¡ 0.

In period2, the time inconsistency of the agent may alter her decision regarding the

optimal e�ort compared to period1. Using the present bias parameterV, we say

that in period2, the agent prefers to completeC¢2 ¹Wº tasks if she receives tasks of the

complexityW:

C¢2 ¹Wº = argmax
C

FC�
1
V

� ¹C– Wº• (1.2)

If the agent is time inconsistent, thenV < 1. We focus on a present-biased agent with

V Ÿ1. ParameterbVcaptures the agent's perceptions of her present bias. She might

be naive about her present bias (bV = 1), be partially sophisticated (V Ÿ bV Ÿ 1), or

fully sophisticated (V = bV) about its extent. She expects her future self to complete

the number of tasks in�uenced by the parameterbVrather thanV:

bC¹Wº = argmax
C

FC�
1
bV

� ¹C– Wº• (1.3)

For simplicity, we focus on the case when there are just two di�erent complexity

levels. In particular, the tasks can be either all Short, or all Long, which corresponds

to W= W( andW= W! , respectively. Therefore, when the equation 1.1 is applied

to the search of the optimal number of Short tasks, it givesC¢ ¹W( º, and when the

equation 1.1 is applied to the search of the optimal number of Long tasks, it gives

C¢ ¹W! º. Likewise, in this case the equation 1.2, givesC¢2 ¹W( º andC¢2 ¹W! º. Finally,

equation 1.3 givesbC¹W( º andbC¹W! º.

To simplify notation and get rid of the brackets, we use the following notation:

ˆ Optimal number of tasks, from the point of view of the �rst period:C¢( :=

C¢ ¹W( º andC¢! := C¢ ¹W! º.

ˆ Optimal number of tasks, from the point of view of the second period:C¢2( :=

C¢2 ¹W( º andC¢2! := C¢2 ¹W! º
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ˆ From the �rst period's perspective, what she believes will be the optimal

number in the second period:bC( := bC¹W( º andbC! := bC¹W! º.

3.2 Commitment contracts

A penalty-based commitment contract is available to the agent in period1. It consists

of athresholddenoted by #, which is a number of tasks, and apenaltydenoted by $,

which is a monetary amount. The agent is o�ered only one commitment contract.

This contract can be of one of threetypes:5

ˆ Contract for Short applies only if the agent receives Short tasks. Suppose

the agent is o�ered a contract for Short under piece-rate wageF ¡ 0 in period

1. She can choosenot to take up the contract. If she does so and then does

C� 0 Short or Long tasks in period2, she getsFC. Alternatively, in period

1, the agent can chooseanypositive number of tasks to be the commitment

threshold#( , andanypositive penalty to be the commitment penalty$( . We

will then address this contract as¹#Y”$Yº. In period2, if the agent gets Short

tasks (with chance?) and doesC� 0 of them, she getsFC� $( 1f C Ÿ#( g. If,

in period2, the agent gets Long tasks (with chance1� ?), and then doesC� 0

tasks, she getsFC.

ˆ Contract for Long applies only if the agent receives Long tasks. It works

analogously to a contract for Short. Suppose the agent is o�ered a contract

for Long under piece-rate wageF ¡ 0 in period1. She can choosenot to

take up the contract. If she does so and then doesC� 0 Short or Long tasks

in period2, she getsFC. Alternatively, in period1, the agent can chooseany

positive number of tasks to be the commitment threshold#! , andanypositive

penalty to be the commitment penalty$! . We will then address this contract

as ¹#R”$Rº. In period2, if the agent gets Short tasks (with chance?) and

doesC� 0 of them, she getsFC. If, in period 2, the agent gets Long tasks

(with chance1 � ?), and then doesC� 0 tasks, she getsFC� $! 1f C Ÿ#! g.

ˆ Contract for Both applies regardless of the task length. If she is o�ered a

contract for Both under piece-rate wageF ¡ 0 in period1, she can choosenot

to take up the contract. Then, in period2, she can doC� 0Short or Long tasks
5The agent does not choosebetweencontract types. Only one contract is suggested to her, and

she makes her choice upon observing its type.
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and getFC. Alternatively, in period1, she can chooseanypositive number of

tasks to be the commitment threshold#� , andanypositive penalty to be the

commitment penalty$� . We will then address this contract as¹#H”$Hº. In

period2, no matter the task assignment, she getsFC� $� 1f C Ÿ#� g, where

C� 0 is the number of Short or Long tasks she does.

Contract for Short, Contract for Long

Either a contract for Short, or a contract for Long a�ect the agent only under the

speci�ed task length. Therefore, we assume that the agent's decision is based on

certain costs. This assumption relies on the di�erencebetweenShort and Long tasks

in our experiment; we hope this di�erence will make the uncertaintywithin each

length negligible. The agent' optimal commitment decision is¹#¢ ¹Wº–$¢ ¹Wºº, such

that

#¢ ¹Wº = argmax
C

FC� � ¹C– Wº (1.4)

�
1

V̂
� ¹#¢ ¹Wº– Wº ¸ F#¢ ¹Wº � � $¢ ¹Wº �

1

V̂
� ¹bC¹Wº– Wº ¸ FbC¹Wº– (1.5)

wherebC¹Wº is de�ned in 1.3. Notice that, under certain costs,#¢ ¹Wº = C¢ ¹Wº, and

taking up commitment is strictly preferable unlessC¢ ¹Wº = bC¹Wº.

Similarly to the previous case, we simplify the notation by omitting the brackets.

So, for Short tasks,#¢
( := #¢ ¹W( º and $¢

( := $¢ ¹W( º. Similarly, for Long tasks,

#¢
! := #¢ ¹W! º and$¢

! := $¢ ¹W! º.

Contract for Both

UnderbV Ÿ1, choosing#� = #! and%� = %! in the Commitment for Both is weakly

better than not committing at all. By Lemma 1 in the appendix (page 41), the

individual will at least#� , which gives them at least as high expected consumption

as under no commitment. Thus, taking up a contract for Both is weakly better than

not committing at all: the individual can either choose#� = #! and%� = %! , or an

at least as a good contract. Therefore, we will not discuss the decisionwhetherto

take up a contract for Both, but the decision ofwhichcontract for Both is the best to

take up.

We begin by de�ning the contracts that ensure the agent reaches the threshold

irrespective of the task length. By Lemma A.1 in the appendix, it is su�cient
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to provide incentives strong enough for completing Long tasks, as these will also

su�ce for completing Short tasks.

De�nition 1. A contract for Both¹#� –$� º is full , if #� � bC! , and

�
1

V̂
� ¹#� – W! º ¸ F#� � � $� �

1

V̂
� ¹bC! – W! º ¸ FbC! • (1.6)

We will also de�ne the full contract that the agent prefers to any other full contract

(but not necessarily to any contract in general).

De�nition 1'. A contract for Both¹#¢
� –$¢

� º is optimal full, if

1. ¹#¢
� –$¢

� º is a full.

2. For any full contract for Both¹#� –$� º,

?
�
F maxfbC( –#¢

� g � � ¹maxfbC( –#¢
� g– W( º

�
¸ ¹ 1 � ?º

�
F#¢

� � � ¹#¢
� – W! º

�
�

� ?
�
F maxfbC( –#� g � � ¹maxfbC( –#� g– W( º

�
¸ ¹ 1 � ?º ¹F#� � � ¹#� – W! ºº •

Notably, an optimal full contract does not necessarily incentivize the agent to perform

the same number of Short and Long tasks. This is because it may require fewer tasks

than the agent would complete upon receiving Short tasks without any commitment

(denoted bybC( ).

We now turn to contracts that do not incentivize the agent to complete all required

tasks if the tasks are realized to be Long.

De�nition 2. A contract for Both¹#� –$� º is non-full , if #� � bC( , and

�
1

V̂
� ¹#� – W! º ¸ F#� Ÿ � $� �

1

V̂
� ¹bC! – W! º ¸ FbC! • (1.7)

De�nition 2'. A contract for Both¹#� –$� º is optimal non-full, if

1. ¹#¢
� –$¢

� º is a non-full.

2. For any non-full contract for Both¹#� –$� º,

?
�
F#¢

� � � ¹#¢
� – W( º

�
¸ ¹ 1 � ?º

�
� $¢

�

�
� ? ¹F#� � � ¹#� – W( ºº ¸ ¹ 1 � ?º ¹� $� º •
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By de�nition, a non-full contract is such that the individual plans to fail it if she

gets Long tasks but plans to follow through if she gets Short tasks. She might

select such a contract if the bene�ts from boosting her output under Short tasks are

high, while reaching the same output under Long tasks is very costly. If boosting

the output under Short tasks requires only a moderate penalty, the bene�ts from

boosting exceed the penalty she would have to pay upon receiving Long tasks.

De�nitions 1' and 2' allow the choice of the optimal contract for Both to be the

choice between optimal full and optimal non-full contracts for Both. The Proposition

below establishes how the parameters of our model a�ect this choice.

Proposition.

Let � be the di�erence in expected consumption between the optimal non-full and

optimal full contracts: it is positive if the agent prefers the optimal non-full contract

to the optimal full contract and negative otherwise. Then�

ˆ increases ifW! increases;

ˆ increases ifW( increases
�
if m3�

mC2mW¡ m3�
mC3 and su�ciently small m�

mW

�
.6

Proof. See page 42 in the appendix.

3.3 Finding the Planning Motive in the Data

De�nition 3. Let us consider two corresponding contracts for Both (#� –$� ) and for

Long (#! –$! ). The contract for Both ispartial if

Case 1:#� ¡ #! and$� � $! , or

Case 2:#� = #! and$� Ÿ $! .

By the de�nition of partial contracts, they are planned to be failed if the agent gets

Long tasks. We rely on the lemma below to identify them.

Lemma.

Assume that the agent always chooses the minimum penalty that allows her to follow
6These are the conditions that we argue to hold in our data. We discuss the e�ect of other

combinations in parameters in the proof.
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through with commitment whenever she plans.7 Then any partial contract forBoth

is a non-full contract forBoth.

Proof. The assumption suggests that incentive compatibility restriction (1.5) holds

as equality for the contract for Long (#! –$! ). The statement of the lemma follows

from the de�nition of a partial contract.

Intuitively, we assume that the penalty$! in the contract for Long isjust enough

for the agent to reach the threshold#! if she gets Long tasks. It means that, under

the Long tasks, a higher threshold (Case 1) or a smaller penalty (Case 2) makes her

fail the contract. Notably, we do not classify any contract. We cannot distinguish

between partial and full contracts if#� ¡ #! and %� ¡ % ! . Also, our model

cannot explain take-up of the contracts that have threshold for Long#! higher than

threshold for Both#� .

4 EXPERIMENT DESIGN

We ran our experiment at the UCSD Economics Laboratory in May 2023. Each

participant came to the location on two days, one week apart. Both Day 1 and

Day 2 of the experiment involved reading instructions and answeringexperimental

questions: questions about commitment and additional ones. The main di�erence

between the days was the opportunity for the participants to engage inpaid tasksat

the end of Day 2. In this section, we will cover the instructions on Day 1 and the

paid tasks, and we refer the reader to the appendix for the details about Day 2.8

First, we describe the paid tasks, which involved transcribing lines of Greek letters

that could be Short or Long. Short and Long tasks di�er by the number of letters to

transcribe�Long tasks are harder�but yield the same bene�t. Speci�cally, doing

one task yields a participant the same piece-rate wage, no matter its length.9 Thus,
7This assumption is common in the studies on commitment (Bai et al., 2021; John, 2020).

Intuitively, if the agent believes $10 is su�cient to enforce commitment for Long tasks, she will not
set the penalty to $15. Notably, this assumption is the opposite of the individuals choosing penalties
that are too small, which is regularly observed in the data.

8The experimental questions on Day 2 are almost identical to those on Day 1. The only di�erence
is that the tasks they concern are to be completed on the same day rather than in one week. Thus, the
distance between responding to the questions and doing the tasks is one week on Day 1 and about
30 minutes on Day 2. For the results on Day 2, we also refer the reader to the appendix, as we do not
discuss them in the main text.

9We use di�erent approaches to payment in the additional questions. However, neither of the
additional questions concerns commitment, and the participants see them only after they answer the
commitment question.
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Figure 1.1: Examples of Paid Tasks

(a) Example of a Short task (b) Example of a Long task

Note: The �gure gives examples of a Short task and a Long task. The participants were told
to click on the keys with the corresponding images one by one. Once they have �lled all
the cells, they could click �Submit� to complete the task. They had an option to clear all
cells by clicking �Clear All.� A Short task has15 letters, and the participants could enter
at most one letter incorrectly. A Long task has40 letters, and the participants could enter
at most four letters incorrectly. Both numbers of mistakes allow the participants to achieve
90%accuracy by replacement.

uncertainty in task length exogenously introduces uncertainty in cost. Secondly, we

describe the experimental questions. Some of them o�er commitment contracts,

and the others are additional and not related to commitment. Thirdly, we elaborate

on the timeline and the payments. Finally, we describe the sample by elaborating

on the number of participants, the attrition rate, and how we managed the outliers.

4.1 Paid Tasks

We distinguish betweenexperimental(or paid)tasks, which are paid activities for

the participants to engage in, andexperimental questions(or justquestions), which

require a response. Our participants engage in transcribing Greek letters, similar to

the tasks introduced by (Augenblick, Niederle, and Sprenger, 2015; Augenblick and

Rabin, 2019). One di�erence between our study and the previous ones is that the

participants could face either Short or Long tasks (see Figure 1.1). The chance of

receiving either all tasks as Short or all tasks as Long creates the exogenous variation

in costs. Another di�erence between our study and the previous ones is that we

made the letters clear instead of blurry. Given the long time of the experimental

sessions, we clari�ed the letters to prevent the participants from getting a headache

or experiencing any side e�ects.

The participants learned at the very beginning that they would receive an opportunity

to complete some amount of these tasks to receive payment on top of payment for
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participation. They also engaged in practicing the tasks (we will elaborate on the

practices while explaining the timeline).

4.2 Experimental Questions

The participants answered questions of four di�erent types on both days. These

questions concern their paid task experience: some of them are commitment options,

and others can a�ect the type of tasks the participant gets or how much she would

be paid. One of the questions from either of the two days was selected for them as

thequestion-that-counts. This would be the only question that actually a�ects their

paid tasks. The participants were strongly encouraged to treat each question as if it

were the one that counted.

Commitment Questions

The �rst part of the experimental questions o�ered commitment options to the

participants. To make the instructions simple, we explained the options in terms of

thresholdsandpenalties. We ensured that the participants paid close attention to

the instructions by reading them out loud (only until the beginning of the quiz on

the commitment questions).

First, we reminded the participants that a question from this part could become the

question-that-counts. In that case, they would get all of their tasks to be Short with

a90%chance and all of their tasks to be Long with a10%chance.

Then, we explained the concept of thresholds and penalties: the threshold is the

number of paid tasks that a participant needs to complete on Day 2 to avoid losing

the amount of money speci�ed in the penalty. The questions in this part varied by

two components: the wage per task that the participant would get if this question

became the question-that-counts and when the threshold applies. Thresholds in

some questions would apply only to Short tasks, while others would apply only to

Long tasks. There were also questions about thresholds being applied no matter

the length of the tasks. We made a few details explicit in our instructions, the most

important being that theydo not have toset any threshold. We mentioned it at the

beginning of the instructions; our comprehension quiz contained a corresponding

example, and there was a reminder on each screen with the questions. Further, we

emphasized that the thresholds do not a�ect the number of letters in the tasks and

that reaching the threshold means they lose no penalty.
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Figure 1.2: Examples of Commitment Questions

(a) Example 1

(b) Example 2

(c) Example 3

After giving the instructions, we showed the participants the examples (see Figure

1.3) to ensure that they understood that both the wage and when the threshold applies

can change between the questions and that the chances of receiving Short and Long

tasks are90%and10%, respectively, in all of them.

Additional Questions

Willingness-to-Pay

We told the participants that we wanted to know how valuable receiving Short tasks

on Day 2 was to them. If a question from this part becomes the question-that-counts,

they would get Long tasks by default. We asked them about the largest amount they

would be willing to pay on Day 2 to receive Short tasks instead (see Figure 1.3a).

We explained that responding honestly was their best chance to receive a larger

payment. The incentives for these questions were as follows. First, we would

randomly set a price from$0to $30for the switch from Long tasks, which they have

by default, to the Short ones. If this price is equal to or smaller than the response,



21

Figure 1.3: Examples of Additional Questions

(a) Willingness-to-pay

(b) Task decisions

(c) Payment decisions: Short tasks (d) Payment decisions: Long tasks

they get Short tasks, and we deduct this price from their completion payment. If the

price exceeds this amount, they keep Long tasks.

Task decisions

Task decisions are very similar to the questions by Augenblick and Rabin, 2019

about how many tasks the participants would want to do. We asked the participants

about how many Short tasks they wanted to do on Day 2 (see Figure 1.3b). The

reason why we did not ask about Long tasks is that we did not want our participants

to be cautious about the number of tasks they want to do for the sake of avoiding

discomfort for their future self. The participants were informed that they would

not be able to do more tasks than the number they responded. If they would do

fewer tasks, they would receive only$20 for the whole experiment instead of$50

completion payment plus the money for the paid tasks.

Payment decisions

We asked the participants about the minimum amount they would have to be paid

to do the tasks. Each question would give a number of Short tasks (or a number

of Long tasks), and suggest choosing the smallest TOTAL amount of dollars the

participant would accept for performing these tasks (see Figures 1.3c and 1.3d).

If a question from this part becomes the question that counts, the payment for doing

the required amount of tasks was determined as follows. We would randomly choose

the amount of dollars we pay the participant for completing the tasks. Then, if this
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amount is less than the response, the participant would not be allowed to do any tasks

(she would only receive her completion payment). If the randomly selected amount

is larger than the response, it is this amount the participant receives for doing the

tasks. Similarly to incentivizing the task decisions, we would pay the participants

only $20if they fail to do the required amount of tasks.

4.3 Timeline and Payments

The participants came to the location on two days, one week apart. We call these

days Day 1 and Day 2. At the beginning of Day 1, the participants were required to

con�rm their eligibility for the study. The eligibility criteria were a part of the study

announcement. The participants needed to con�rm that they would participate on

Day 1 and Day 2 and would be willing to receive all of the payment in cash after

the session on Day 2. We give the full list of eligibility criteria in the appendix.

Further, the participants were suggested to agree to the informed consent terms to

proceed with the experiment (see the appendix).

After the participants had agreed to the informed consent terms, they proceeded

to the instructions. As we had told them upon their entrance to the lab, we read

the instructions out loud (until the beginning of the experimental questions). We

�rst explained the concept ofpaid tasks�the tasks that they had an opportunity to

complete for the payment on top of$50for completing both days of the study and

following through with their decisions.

Then, we showed the participants the timeline of the experiment. Figure 1.4 presents

the exact timeline that we showed the participants on May 16, which was Day 1 for

them. When we showed them the timeline, we �rst suggested they look through

the activities on May 16 (in red, in the left part of the timeline). Day 1 began with

the Practice. Firstly, we reviewed the paid tasks: number of letters, examples, etc.

Secondly, the participants were required to complete one Short task and one Long

task. Just as in the paid tasks, they were allowed to make up to one mistake in a

Short task and up to four mistakes in a Long task. After the practice, the participants

were to answer the experimental questions. After they answered the questions on

Day 1, they were free to leave the lab. On Day 1, we described Day 2 only brie�y by

mentioning that they would engage in similar activities and then have an opportunity

to engage in paid tasks. We told them we would elaborate on how their answers to

our questions would a�ect their experience with paid tasks after the Practice.
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Figure 1.4: Experiment Timeline (presented on May 16)

After the participants completed the Practice, we told them that one of the experi-

mental questions (from either of the two days) would be selected as thequestion-that-

counts. We explained that their responses could not a�ect which question becomes

the question-that-counts, and every question had an equal chance to be selected as

the question-that-counts. We assured the participants that we would inform them on

which question is the question-that-counts just before they begin the paid tasks.

Each part of the experimental questions began with instructions. As the commitment

questions were the least straightforward, we kept reading the instructions aloud to

ensure the participants spent enough time comprehending them. The instructions

about commitment questions were followed by examples (Figure 1.2). Before pro-

ceeding to the commitment questions, the participants had to pass a comprehension

quiz with an unlimited number of attempts. At this point, we stopped reading the

instructions aloud and suggested the participants proceed independently. After the

quiz, we ensured that the participants understood the correct answers by provid-

ing a screen with explanations. The Willingness-to-pay questions also included a

comprehension quiz and explanations.

After the participants returned to the lab on Day 2, we essentially repeated Day 1

for them, from reading the instructions aloud to asking them to respond to compre-

hension quizzes. We did that to ensure that their experience across the two days was

similar. After the participants had responded to all experimental questions on Day 2,

they were told which question had been selected as the question-that-counts. Then,

they could engage in the paid tasks to the extent the question-that-counts allowed

(we described the content of the questions above). For example, suppose a question
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from Part 4 (Payment decisions) was selected as the question-that-counts for a par-

ticipant. Then, the content of the question determines whether the participant gets

Short tasks or Long tasks. Further, a random payment from $0 to $60 was selected.

If it was smaller than the participant's response, the participant was not allowed to

engage in paid tasks and could only receive her $50 completion payment. If it was

larger than the participant's response, she was allowed to do the amount of tasks

speci�ed in the question. If she failed to do so, she would receive $20 in total. If

she completed the required amount of paid tasks, she would get the $50 completion

payment and the randomly selected payment.

When the participants concluded their participation on Day 2, they could leave the

lab independently. They were given the amount of money they had earned in cash

at the lab exit.

4.4 Sample

We conducted our experiment at the UCSD Economics Laboratory in May 2023. We

began the experiment more than a month into the spring academic term and ended it

two weeks before the �nal exams. All our participants are at least 18 years old and

are veri�ed members of the subject pool. We recruited four groups of participants.

On May 13,44 participants joined the session to continue on May 20. On May

16,36 more participants had their Day 1 to return on May 23.10 Most participants

returned for Day 2:43on May 20 and33on May 23. All of them apart from one11

completed the experiment in full and received their $50 completion payment. The

distribution of their bonus payments had the average of $22, median of $16, and

maximum of $60.

We randomized the order of the experimental questions randomly assigning each

participants to one of four groups. Table 1.1 describes the randomization. For

commitment questions, we varied the order of types of contracts on one screen

and the order of piece-rate wages between the screens. For the willingness-to-pay

questions and task decisions, we randomized if the participants saw the piece-rate

wages in increasing or decreasing order. For payment decisions, the number of tasks

to perform was also either in increasing or decreasing order.
10One more participant on May 16 was asked to leave about 20 minutes after the beginning of

the experiment as she was distracted by her smartphone.
11She was randomly assigned to do32 Long tasks for$38, while the minimum payment she had

been willing to accept was$35.
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Table 1.1: Randomization of experimental questions

Commitment contracts Commitment piece-rate Additional questions (piece-
(order on screen) wage (between screens,¢) rate wage/number of tasks)

Group 1 Short, Long, Both 20, 30, 40, 60, 10, 50 Increasing
Group 2 Both, Long, Short 20, 30, 40, 60, 10, 50 Increasing
Group 3 Both, Short, Long 50, 10, 60, 40, 30, 20 Decreasing
Group 4 Long, Short, Both 50, 10, 60, 40, 30, 20 Decreasing

Our main subject pool consists of69 participants. As we had pre-registered,12

we excluded the participants with little to no variability in their responses to non-

commitment questions. The reason for that is the large variability in the piece-rate

wages in Parts 2 and 3 (from $0.1 to $0.54 or more), or in the number of tasks to

do in Part 4 (from 5 to 32). We excluded those who did not vary their responses

within two out of three parts. We also pre-registered a criterion for excluding

the participants who failed three or more attempts on either of the comprehension

quizzes. We dropped this criterion as we underestimated the quiz's di�culty for the

participants:12out of69participants in our main sample required3 or 4 attempts.

We kept them in the main sample as we clari�ed the correct answers to the quizzes

after the participants passed them. Another reason for many mistakes could be that

we emphasized that the participants had an unlimited number of attempts.

5 RESULTS

We present our results in the following order. First, we brie�y describe commitment

take-up, as shown in Figure 1.5. Second, we identify the proportion of partial

contracts (those planned to fail) in the data. Third, we provide evidence that our

partial commitment measure accurately captures contracts that are planned to fail.

Notably, in this section, we will only discuss the contractsdesignedby the partici-

pants, rather than generic commitment contracts. Thus, a contract for Short¹#( –$( º

is the contract that was selected by a participant among other alternatives she had.

In Section 3, we used this notation for a generic contract for Short, not necessarily

selected by the participant. Similarly, we will denote taken-up contract for Long by

¹#! –$! º, and taken-up contract for Both by¹#� –$� º.
12We pre-registered our study on the AsPredicted platform, https://aspredicted.org/J76_BFH.
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5.1 Commitment Take-up

Figure 1.5 demonstrates the commitment take-up by contract type: for Short, for

Long, and for Both. In total, the participants were suggested414 of each type.

They took up254(61•3%) contracts for Short,234(56•5%) contracts for Long, and

250 (60•3%) contracts for Both. We give more details on commitment take-up in

Appendix A.4

Figure 1.5: Commitment Take-up by Contract Type

(a) Contracts for Short (b) Contracts for Long

(c) Contracts for Both

Note: Each panel displays the relationship between penalty and threshold levels for a di�erent
type of commitment contract: (a) contracts that apply only to Short tasks, (b) contracts that
apply only to Long tasks, and (c) contracts that apply to both task types. In each plot, one
bubble represents a group of similar contracts; the bubble size re�ects the number of such
contracts (with a maximum of 10 per bubble). The red line indicates the linear correlation
between penalty size and threshold level.
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5.2 Partial Contracts

Unless stated otherwise, all three contracts are considered under the same piece-rate

wage.13 When two contracts of any type share the same piece-rate wage, we refer to

them ascorrespondingcontracts (or we say theycorrespond). Additionally, when

discussing a contract for Both, we use the notations#( ¡ 0 (or #! ¡ 0) to indicate

that the individual is also committing to the corresponding contract for Short (or

Long).

Consider a contract for Both¹#� –$� º such that#! ¡ 0 (the participant takes up the

contract for Long for the corresponding wage). Based on Lemma on page 16, we

identify this contract aspartial, if

#� � #! ¡ 0 ^ $� � $! � 0–or (1.8)

#� = #! ^ $� � $! Ÿ 0• (1.9)

We de�ne partial contracts on the corresponding subsamples of total commitment

take up. For example, no contract for Both with#� = 1 can be partial as#! � 1,

which makes us exclude such contracts from consideration. In total,69participants

took up250 contracts for Both (out of414). We identify partial contracts on the

following sample of contracts for Both:

f¹ #� –$� º: #� ¡ 1–#! ¡ 0g– == 200•

As Figure 1.6 shows, the proportion of partial contracts is38%, which is statisti-

cally di�erent from zero.14 The proportions remain stable across di�erent piece-rate

wages: it is between33 and43%across the six piece-rate wages we consider. Fur-

ther, restricting the requirements does not change the proportion of partial contracts

extremely. For example, considering contractsf¹ #� –$� º : #� � #! � 16^ $� � $! �

0gon the samplef¹ #� –$� º: #� ¡ 16–#! ¡ 0gsuggests the proportion of29%(with

[13, 39•5] 95% con�dence interval).

Figure 1.6 demonstrates that a large portion of the results is driven by the contracts

for Both that have the same penalty as the contracts for Long, but a higher threshold.
13The piece-rate wageF refers to the monetary reward a participant receives for completing one

task. This wage remains constant regardless of task length or whether the participant commits to the
task.

14Arguably, we should consider25%as the benchmark for the proportion of partial contracts due
to the symmetry of the identi�cation requirements across the two axes. The proportion of38percent
is di�erent from 25at5%signi�cance level.
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Figure 1.6: Partial Contracts, %:38 »27“4”48“6¼
�

#� � #! ¡ 0 ^ $� � $! � 0– or
#� = #! ^ $� � $! Ÿ 0•

Note: The �gure displays the commitment take-up, where red-shaded areas delineate the
regions associated with partial contracts. The subtitles give the proportion of contracts for
Both, which are identi�ed as partial under the corresponding de�nition, along with a 95%
CI with standard errors clustered by individuals. One observation is a contract for Both; a
bubble represents a group of similar contracts for Both. A larger bubble corresponds to a
larger number of similar contracts. The x-axis denotes the di�erence between the threshold
in the contract for Both and the threshold in the contract for Long under the same piece-rate
wage (#� � #! ). The y-axis denotes the di�erence between the penalty in the contract for
Both and the penalty in the contract for Long under the same piece-rate wage ($� � $! ).
The details of the partial contract de�nitions are provided below the subtitles. The partial
contracts are identi�ed among the 200 contracts for Both that have thresholds above 1. We
omit 11 out of 200 contracts from the �gure as outliers.

These contracts are located on the x-axis in the right part of the Figure. It is

important to note that if participants are not sensitive to penalties, we cannot be

certain that such contracts are planned to fail.15 However, we have evidence that

participants are sensitive to penalties. They often select penalties larger than $1,

and, more importantly, the thresholds they choose are positively correlated with the

penalties. Therefore, the equality of penalties does not raise a concern, especially

given the large di�erence in thresholds.
15This idea can be illustrated by an extreme case in which individualsalwaysfollow through

whenever they commit. In this case, despite the di�erence in thresholds, the partial contracts are not
planned to fail.
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5.3 Partial Contracts Capture Planning-to-Fail

We now want to show that the participants selected partial contracts intentionally

rather than by chance. In this subsection, we elaborate on the following three

arguments.

1. Random contract selection cannot account for the full amount of partial con-

tracts.

2. Strengthening the threshold requirements in the de�nition of partial contracts

has only a moderate e�ect on their proportion.

3. Proportion of partial contracts is positively correlated with the costs of doing

tasks. Notably, the proportion of contracts that are planned to be failed

upon receiving Long tasks is positively correlated with the costs based on

Proposition on page 16.

Partial contracts do stem from random choices of contracts

First, if selection of thresholds and penalties was completely random, comparison of

contracts for Both and for Short would give the same results and the comparison of

the contracts for Both and for Long, which we do in Figure 1.6. Figure 1.7a repeats

Figure 1.6 so it is easier to compare it to Figure 1.7b.

Threshold requirements only moderately a�ect partial contracts

We want to demonstrate that restricting the requirement for the di�erence between

contracts for Both and for Long in thresholds. Currently, we consider the di�erence

in 1 task to be su�cient, if the penalties are the same (or lower in the contract for

Both). We will consider partial-̂ contracts for Both, de�ned as follows.

De�nition 3. A contract for Both is partial-̂ , ^ ¡ 0 if

ˆ #� ¡ - ,

ˆ #� � #! � ^ and$� � $! � 0.
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Figure 1.7: Both vs. Long and Both vs. Short: All Contracts for Both

(a) Partial Contracts, %:38 »27“4”48“6¼�
#� � #! ¡ 0 ^ $� � $! � 0– or
#� = #! ^ $� � $! Ÿ 0•

(b) `Partial' Contracts, %:
20“5 »12“5”28“6¼�

#� � #( ¡ 0 ^ $� � $( � 0– or
#� = #( ^ $� � $( Ÿ 0•

Note: This �gure illustrates the argument that the proportion of partial contracts cannot be
attributed to noisy responses. The left panel replicates Figure 1.6�with partial contracts in
the red area�and should be compared to the right panel. In the right panel, we repeat the
estimation of the share of partial contracts, but use contracts for Short instead of contracts for
Long. If participants selected contracts in a noisy manner, contracts for Long and contracts
for Short would exhibit similar patterns. Therefore, we would expect to observe the same
proportion of contracts in the red area in the right panel as in the left one. However, the
proportion of contracts that are classi�ed as partial is signi�cantly lower, indicating that the
observed pattern is unlikely to be driven by noise.

Thus,^ is the minimum di�erence#� � #! required for a contract to be partial-^ .

The de�nition suggests that any partial-^ contract is also partial. Notably, partial-^

contracts are properly de�ned only on a subsample of contracts for Both:

f¹ #� –$� º: #� ¡ ^ –#! ¡ 0g•

The proportion of partial-̂ contracts in the corresponding sample is smaller than

the proportion of partial contracts38%(see Figure 1.6). However, reasonable values

of ^ do not make the proportion of contracts we document as non-full smaller than

30%. In particular, the minimum̂ required is16tasks: there are29% »13–39•5¼16

partial-̂ contracts among99 (such that#� ¡ 16and#! ¡ 0).
16We �nd the 95% con�dence interval under individual �xed e�ects and report it in parentheses.
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Partial contracts have the same features as non-full contracts

We de�ned partial contracts and, by de�nition, theylook like the contracts that

are planned to be failed upon getting Long tasks (non-full contracts). We want to

ensure that they indeed capture the planning-to-fail motive. The Proposition on

page 16 suggests that the proportion of the contracts planned to be failed should be

positively correlated with the costs of doing the tasks. Notably, we can expect the

costs of doing Short and Long tasks to be positively correlated. Thus, we rely on

the following variables to be correlated with the proportion of non-full contracts ([.]

gives the correlation sign):

1. [� ] How many Short tasks do you want to do?

2. [¸ ] How much do you want to be paid for doing- Short tasks?

3. [¸ ] How much do you want to be paid for doing- Long tasks?

We believe all three measures to be exogenous, as we collected them independently

from commitment decisions in a very di�erent environment. They were also sep-

arated by blocks of instructions and one comprehension quiz. If our de�nition of

partial contracts captures at least a part of the non-full contracts, their proportion

should correlate with the measures above.

As we proceed, we pool the data that we collected one week in advance with

the data we collected just before the participants could engage in the paid tasks.

We asked them the same questions as one week in advance, as the timeline in

Figure 1.4 suggests. The proportion of partial contracts taken-up on the same day

was 29“75% Ÿ 38•0% (p-value0•1 without clustering by ID). We attribute the

di�erence to the noisy take-up one week in advance (what Kaur et al., 2015, call

`costly experimentation').

Although we pool the contracts from the two days together, we want to be transparent

that the take-up right before paid tasks drives most of the results we report below. We

attribute that to the noisy take-up one week in advance: considering more restrictive

de�nitions (in particular, more restrictive with respect to the di�erence in thresholds

between the contracts for Long and for Both) makes the result one week in advance

align with that for take-up right before the paid tasks.

We conduct the correlation analysis on the contract level by de�ning the dummy for a

partial contract and correlating it with the corresponding measures after controlling
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for piece-rate wageF of a contract and the day it was picked up. We cluster standard

errors by individuals. Table 1.2 reports the results of the correlation analysis and

illustrates the signi�cant correlations.

Table 1.2: Correlations between Partial Contracts and Measures of Costs

Partial De�nition Corr(., Measure 1) Corr(., Measure 2) Corr(., Measure 3)
Standard (a) � �� 0 0
Higher # di�erence 0 (b)¸ �� (c) ¸ ��

Higher $ di�erence 0 0 0

(a) (b) (c)

ˆ The �gures illustrate the signi�cant relationships on the contract level.

ˆ Speci�cally, they show non-parametric analysis of residuals (we skip the axes

ticks).

ˆ Higher color intensity corresponds to more observations in the area.

Overall, the relationships that should be held between the partial contracts and the

measures of costs (negative for Measure 1, positive for Measures 2 and 3) are never

rejected at 0.1 signi�cance level, and sometimes supported at 0.05 signi�cance level.

Therefore, we can rely on our measure to capture the planning-to-fail motive.

6 DISCUSSION

The results of our experiment suggest that an exogenous intervention into costs makes

the individuals adapt their commitment contracts accordingly. Our estimates of the

proportion of contracts that participants plan to sometimes fail vary from around

30%for the sample in general, and up to50%for the subsample of individuals that

strongly distinguish between the Short and Long tasks. Notably, there is a large

portion of contracts that we cannot classify, and therefore, these proportions are

likely to be even higher. In this section, we discuss the impact of our results and

details of the analysis.
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The vast scale of anticipated failures in our sample suggests that the participants

could have planned many of the commitment failures of the previous studies. The

crucial di�erence between planned and unplanned failures suggests exploring if

planned failures could be dominating. In the Appendix, we build a simple model of

a penalty-based commitment. In a nutshell, the chance that a committed individual

attributes to failure cannot be larger than the chance she believes commitment to

make a di�erence (make her do the action while otherwise, she would not). As we

can approximate the chance commitment contracts make a di�erence in the previous

studies, we can explore the upper bound on the share of the contracts that were failed

due to planning.

Table 1.3 constructs the upper bound for planned failure based for ten previous

studies. Columns 1 and 2 name the study and brie�y describe the setup. Column

3 approximates the chance the participants who committed would have done the

required action without commitment. We assume that the individuals who take up

commitment have the same chance of ful�lling the goal without commitment as

those who are not o�ered commitment at all. Therefore, we use the proportion of

those doing the action among the individuals who were not o�ered commitment at

all. We rely on this assumption, as it is the closest approximation available. Also,

it is not clear if the frequency in the control group underestimates or overestimates

the baseline for those who take up commitment. Overestimation can stem from

time-consistent and naive people who do not expect to ever fail, and therefore are

indi�erent between taking up commitment and not. Underestimation can come

from people who do not normally do the action, as it is them who require additional

incentives to do so.

Column 4 of Table 1.3 gives the proportion of committed participants who followed

through with the commitment requirements. The di�erence between this proportion

and the base rate in Column 3 approximates the maximum frequency of failures that

can be explained by planning. We report it in Column 5. Naturally, the planned

failures rate cannot exceed 50%. Further, we can compare this rate with the overall

failure rate, which we report in Column 6.

Comparison between Columns 5 and 6 shows that in 4 out of 14 treatments, planned

failure might explain all or almost all failures, and it can potentially explain at least a

third in 5 more.17 It makes exploring planned failure compelling as this comparison
17In addition, two treatments in the study by Exley and Naecker, 2017 are consistent with the

idea of planned failure as due to the suggested explanation: �. . . the student leaders for whom these
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could have revealed no scope for its explanatory power. Therefore, although we do

not claim that planned failure is necessarily as extensive as the model predicts, we

emphasize that it can be a strong explanation of failures.

We now want to discuss the assumptions we make in our analysis. By the Lemma

on page 16, our identi�cation strategy relies on the assumption about the contracts

for Long. We assume that, if a participant takes up such a contract, the penalty she

chooses is just enough to enforce reaching the threshold under the Long tasks. Based

on that, we suggest that a contract for Both with a larger threshold and the same

penalty (or a smaller penalty and the same threshold) is supposed to be failed upon

assignment of Long tasks. Ultimately, this assumption does not a�ect our results

much because our identi�cation relies mainly on the thresholds of the contracts.

There are two reasons for that. First, as Figure 1.6 suggests, most di�erences in

penalties between contracts for Long and contracts for Short lie within$1. The

smallness of the amount and opportunity to set the penalty (using a slider) up to $15

allows us to attribute most of these di�erences to mistakes. Second, we extensively

discuss the approaches that require a considerable di�erence between thresholds

for Both and for Long for a contract to be considered partial. This di�erence can

compensate for most discrepancies in penalties between the contracts.

Our theoretical framework relies on the assumption that the uncertainty of costs

within Short and Long tasks is negligible compared to the discrepancybetweenthe

two lengths. Suppose a participant takes up commitment for Long and the costs

of doing Long tasks are uncertain. Still, there should be a cost realization for

which penalty%! in commitment for Long is the minimum penalty that ensures

reaching threshold4! . Then a partial contract will make the individual fail for

these cost realizations. Therefore, our identi�cation approach is still indicative of

an intention to fail with a positive chance. The uncertainty of costs within each

category prevents us from estimating this chance, which would otherwise be10%.

On the other hand, the discrepancy between the thresholds and the task decisions

highlights the potential impact of cost uncertainty on commitment decisions. Our

commitment contracts are �exible enough to accommodate low thresholds, but it

remains unclear whether contracts with higher thresholds would be in demand and

to what extent planned failure occurs within each task length.

workshops are intended, are well aware of their overbooked schedules.� Abandoning a part of $15
might indicate that they did not want to receive the money for free rather than use it as a commitment
device.
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Table 1.3: Comparison of planned failure capacity with observed failure rates

(1) Study (2) Setting, Number of Committed (3)BASE, % (4)COMPLETE , % (5)PLANNED CAP, % (6)FAILURES , %
Bai et al., 2021 Prepayment for doctor visits (lose

money if miss, de�ne follow-through
by at least one visit)
Fixed commitment,= = 39 4 38 34 62
Personalized commitment,= = 40 4 30 26 70
Fixed commitment, discount,= = 72 8 32 24 68
Personalized commitment, discount,= = 112 8 23 15 77

Burger and Lynham, 2010 Bets on weight loss,= = 51 � 20 20 80
Carrera et al., 2022 Loss of $80 unless go to the gym 22 65 43 35

12 or more times,= = 556
Exley and Naecker, 2017 Loss of $X (up to $15) of Amazon

gift card unless attend a workshop
Private $X,= = 29 55 52 0 48
Public $X,= = 31 55 58 3 42

Giné et al., 2010 Loss of deposit if keep smoking,= = 83 9 34 25 66
John, 2020 Installment-savings account with � 45 45 55

self-chosen penalty,= = 114
Kaur et al., 2015 Self-chosen target for 92 97 5 3

dominated wage contract
(= = 8–240worker-days)

Royer et al., 2015 Loss of stakes if not go to gym 20+ 63 43- 37
14 days in a row,= = 43

Schilbach, 2019 Loss of money upon drinking alcohol, 39 53 14 47
= � 2–000person-days

Schwartz et al., 2014 Loss of cash-back if buy 23 34 13 66
too little healthy food,= = 632

Average 24.2 46 22.1 54

Note: Column 3 (BASE) gives the chance of completing the commitment requirement when commitment is not o�ered (q in expression (1.21)). We collect this
chance from the control groups or their analogs (see the main text for the assumption we make). Column 4 (COMPLETE ) gives the rate of follow-through on
commitment (q ¸ b in expression (1.21)). Column 5 (PLANNED CAP) approximates the share of participants who meet the goal but would not do so without
commitment (b in expression (1.21)). By Corollary 1, it serves as an upper bar on the chance of planned failure. Column 6 (FAILURES ) gives the rate of
failures observed in the study. We assess the explanatory power of planned failure by comparing Columns 5 and 6. Bai et al., 2021: The authors state the range
of failures to be between 62% and 77%. We cite the follow-throughs by treatment after John, 2020. Royer et al., 2015: Just over 20% of participants without
commitment (but with incentives) attended the gym at least once per week; the authors do not give the information about once every two weeks. Schilbach,
2019: The author does not report any speci�c follow-through rate on commitment. We derive it from Table 3 of the paper, and the calculations are consistent
with those by Derksen et al., 2021. John, 2020 reports 37% of failures instead of 47%, which would be more in favor of planned failure explaining them. John,
2020: there is no information on defaults in the control group, but the average savings of 27 pesos compared to 429 under commitment suggests that the baseline
can be mostly ignored. Despite that Bhattacharya et al., 2015 study penalty-based commitment contracts, we do not cover them as they do not report the failure
rates.
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7 CONCLUSION

Commitment contracts are designed to help individuals who are aware of their

time inconsistency overcome their inclination to prioritize immediate grati�cation

over long-term goals. Our study focuses on failures of penalty-based commitment

contracts, which impose monetary penalties if individuals fail to perform a speci-

�ed action, such as exercising or saving money. We examine whether individuals

might take up commitment contracts with a plan to fail if the uncertain costs of

following through turn out to be high. Motivated by potential gains from lower cost

realizations, this reason for failure is underexamined compared to failures due to

take-up mistakes. However, the distinction between planned and unplanned failures

is crucial for the e�ectiveness of commitment contracts: unlike planned failures,

unplanned ones can undermine the bene�ts of commitment contracts to the extent

that they might be better o� not being o�ered at all.

We �nd extensive take-up driven by the planned failure motive: from30%to40%of

overall commitment take-up. We identify this proportion through a lab experiment

in which we exogenously introduce uncertain costs by having participants transcribe

Short or Long lines of Greek letters. The results of the robustness checks suggest

that the proportion is not sensitive to identi�cation details.

Although we distinguish between planned and unplanned failures, they can interact

closely. Underestimating the scale of one's present bias can lead to overestimating

the chance commitment changes the outcome to the desired one. Since the chance

of planned failure is capped by this chance, the underestimation of present bias can

be exacerbated by allowing for a larger chance of failure.

One direction for future research is estimating the scale of planned failures. Even

though asking individuals about the likelihood that they will follow through with a

commitment is not incentive-compatible, asking participants about the chances of

others can be incentivized. Although other individuals are likely to miss individual

variation in costs, using their opinions for estimation can bene�t from their clearer

perspective on the present bias of others (Fedyk, 2016). Further, this approach can

help estimate costs without introducing exogenous variation.

The small penalties most participants selected for their commitment contracts in

our study suggest another direction. On the one hand, this can be a consequence

of participants considering themselves almost time-consistent. On the other hand,

non-monetary consequences (such as image impact) could substitute for monetary
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penalties for our participants. Regardless of the reason, we �nd these results promis-

ing for using commitment contracts with little to no monetary penalties. Not only

can they be preferred by participants, but they also make participants lose little to

no money upon failure. The study by Derksen et al., 2021 is one in this direction,

and we expect more to appear in the future.
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A APPENDIX FOR CHAPTER 1

A.1 Proofs

Lemma. Consider a contract¹#–$º. If

�
1

b̂V
� ¹#– W! º ¸ F# � � $ �

1

b̂V
� ¹bC! – W! º ¸ FbC! – (1.10)

then

�
1

b̂V
� ¹bC¢( – W( º ¸ FbC¢( � � $ �

1

b̂V
� ¹bC( – W( º ¸ FbC( – (1.11)

wherebC¢( := maxfbC( –#g.

Proof. If # � bC( , (1.11) trivially holds due tobC¢( = bC( . If also holds ifbC( = bC! because

of (1.10). Let us consider# ¡ bC( ¡ bC! and re-arrange (1.10):
"

F# �
1

b̂V
� ¹#– W! º

#

�

"

FbC! �
1

b̂V
� ¹bC! – W! º

#

� � $•

Let us denoteD¹C– Wº := FC� 1
bV
� ¹CjWº:

D¹#– W! º � D¹bC! – W! º � � $•

Since# ¡ bC! , we can re-write the LHS as a sum of marginal losses:
h
D¹#– W! º � D¹# � 1– W! º

i
¸

h
D¹# � 1– W! º � D¹# � 2– W! º¼ ¸ � � � ¸

h
D¹bC! ¸ 1– W! º � D¹bC! – W! º

i
� � $•

Since every term of the sum is a marginal loss, and, therefore, negative, the following

holds because of# ¡ bC( (we drop the terms at the end of LHS):
h
D¹#– W! º � D¹# � 1– W! º

i
¸

h
D¹# � 1– W! º � D¹# � 2– W! º¼ ¸ � � � ¸

h
D¹bC( ¸ 1– W! º � D¹bC( – W! º

i
� � $•

Since
m2� ¹•– Wº

mW2
¡ 0, for any C ¡ bCit holds that

h
D¹C– W! º � D¹C� 1– W! º

i
Ÿ

h
D¹C– W( º � D¹C� 1– W( º

i
. Then

h
D¹#– W( º � D¹# � 1– W( º

i
¸

h
D¹# � 1– W( º � D¹# � 2– W( º¼ ¸ � � � ¸

h
D¹bC( ¸ 1– W( º � D¹bC( – W( º

i
¡

¡
h
D¹#– W! º � D¹# � 1– W! º

i
¸

h
D¹# � 1– W! º � D¹# � 2– W! º¼ ¸ � � � ¸

h
D¹bC( ¸ 1– W! º � D¹bC( – W! º

i
� � $–

implying D¹#– W( º ¡ D ¹bC( – W( º ¡ � $, and making (1.11) hold.
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Proposition on Page 16

Let us assume that#� = C¢1( . Then, the expected consumption �ow from the partial

commitment is

?
�
FC¢

1( � � ¹C¢1( jW( º
�

¸ ¹ 1 � ?º

 

F ¹C¢1( � bC( º �
1
bV

�
� ¹C¢1( jW( º � � ¹bC( jW( º

�
!

–

and from the full commitment, it is

?
�
FbC( � � ¹bC( jW( º

�
¸ ¹ 1 � ?º

�
F#¢

� � � ¹#¢
� jW! º

�
• (1.12)

Let us take the di�erence and omit the term related to the costs for Long, as we

assume it to be not relevant for the change in the costs for Short. After grouping the

terms byC¢1( andbC( , we get

?
�
FC¢

1( � � ¹C¢1( jW( º
�

¸ ¹ 1 � ?º

 

FC¢
1( �

1
bV

�
� ¹C¢1( jW( º

�
!

� (1.13)
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or
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Let us now simplify notations and de�ne function� , so we can analyze its derivative

with respect toW.

� := F
h
C¢ � bC

i
�
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whereC¢ = ¹� 0º� 1¹F jWº andbC= ¹� 0º� 1¹bVFjWº.
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mC¢

mW
= �

m2�
mCmW¹C

¢º

m2�
mC2 ¹C¢º

–
mbC
mW

= �
m2�
mCmW¹bCº

m2�
mC2 ¹bCº

• (1.18)

ˆ We argue that� ¡ 0. First, mC¢
mWŸ 0 and mbC

mWŸ 0. Their di�erence depends on

the proportion betweenm3�
mC2mWand m3�

mC3 . We argue that, in our setup,m
3�

mC2mWis

larger thanm3�
mC3 (they are both positive). The expressionm2�

mCmWcan be interpreted

as how fast participants get tired as they get more letters in each task. The

expressionm2�
mC2 can be interpreted as how fast participants get tired as they go

from task to task.m2�
mCmWnoticeably increases inC: by the time the participants

solve many tasks, even a marginal increase inCaccumulates. Meanwhile, we

can expectm
2�

mCmWto barely change inCover time.18 Since m3�
mC2mW¡ m3�

mC3 ¡ 0,
mC¢
mW� mbC

mWŸ 0, ¹ mC¢
mW� bVmbC

mWº
�
? ¸ 1� ?

bV

�
Ÿ mC¢

mW� mbC
mWŸ 0, and� ¡ 0.

ˆ Further, we argue that� is close to0. First, � ¡ 0 as m2�
mCmW¡ 0. However, we

believe thatm
2�

mCmWis very close to0. That is becausem�
mCis the e�ort required for

doing one additional task, and increasing the number of letters barely changes

it: the keyboard remains the same compared to a new task, for example.

ˆ Since� ¡ 0 and we can consider� su�ciently close to 0, m�•mW ¡0.
18We plan to check our arguments empirically.
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A.2 Main Results on Day 2

Figure A.1: Commitment Take-up by Contract Type (Day 2, recreating Figure 1.5)

(a) Contracts forShort (b) Contracts forLong

(c) Contracts forBoth

Note: Each panel displays the relationship between penalty and threshold levels for a di�erent
type of commitment contract: (a) contracts that apply only to Short tasks, (b) contracts that
apply only to Long tasks, and (c) contracts that apply to both task types. In each plot, one
bubble represents a group of similar contracts; the bubble size re�ects the number of such
contracts (with a maximum of 10 per bubble). The red line indicates the linear correlation
between penalty size and threshold level.
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Figure A.2: Partial Contracts, %:29“7 »18“1”41“3¼(Day 2, recreating Figure 1.6)
�

#� � #! ¡ 0 ^ $� � $! � 0– or
#� = #! ^ $� � $! Ÿ 0

Note: The �gure displays the commitment take-up, where red-shaded areas delineate the
regions associated with partial contracts. The subtitles give the proportion of contracts for
Both, which are identi�ed as partial under the corresponding de�nition, along with a 95%
CI with standard errors clustered by individuals. One observation is a contract for Both; a
bubble represents a group of similar contracts for Both. A larger bubble corresponds to a
larger number of similar contracts. The x-axis denotes the di�erence between the threshold
in the contract for Both and the threshold in the contract for Long under the same piece-rate
wage (#� � #! ). The y-axis denotes the di�erence between the penalty in the contract for
Both and the penalty in the contract for Long under the same piece-rate wage ($� � $! ).
The details of the partial contract de�nitions are provided below the subtitles. The partial
contracts are identi�ed among the 200 contracts for Both that have thresholds above 1. We
omit 11 out of 200 contracts from the �gure as outliers.

A.3 Planned Failure Capacity

Note: All notations here are introduced exclusively for A.3 and are unrelated to the

other parts of the text. We do so to keep the notations simple.

We build a simple model of penalty-based commitment that puts little to no re-

striction on the distribution of costs.19 We build separately from the model in the

main text as it very general. Its goal is to show a tractable explanation for why
19The setup and notations we use in the analysis below are not related to that in the main text.
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we consider the chance commitment makes a di�erence to be the maximum rate of

planned failures.

We consider a two-period model for an agent who can take up a penalty-based

commitment device at zero cost. Any device of this kind has a penalty of size?,

which the agent loses in period2 if she does not do the action. The device is available

in period 1, and it can a�ect whether she performs an action (0 = 1) in period 2 or

abstains (0 = 0). In period 1, the agent prefers her future self to perform the action

as long as her bene�ts exceed the discounted costs. In our model, we will assume

that the bene�ts are not discounted regardless of the period. This assumption does

not a�ect the results and aligns with studies emphasizing that the present bias for

action is much more acute than for money (Augenblick, Niederle, and Sprenger,

2015; Imai et al., 2021, Cherrone-Chakraborty-Kim-Lades WP). Thus, in period 1,

the agent wants her future decision rule to be

0 = 1 , 1 � 2 � 0– (1.19)

where1 represents the bene�ts and2 represents the discounted costs.

Suppose that the agent believes she has a present bias of sizebV 2 ¹0–1º. In period

C= 1, she thinks that her action in period 2 will be determined by the following

decision rule:

b0 = 1 , 1 �
1
bV

2 � 0– (1.20)

where
1
bV

2 represents the immediate costs.

We will assume that delayed costs2 are stochastic and distributed as follows:

1. With chanceq 2 ¹0–1º, 2 � bV1: the agent does the action no matter whether

she takes up commitment or not.

2. With chanceb 2 ¹0–1� q¼, 2 2 ¹bV1; 1¼: despite the agent in period1 wanting

the action to be performed, she will not do it unless she takes up commitment.

Let us assume that, conditional on2 2 ¹bV1; 1¼, 2has an expected value of`1 ,

where` 2
�
bV–1

�
.

3. With chance1 � q � b, 2 ! ¸1 : in period1, the agent wants her future

self to abstain from the action, and she will not do it no matter whether she

takes up commitment or not. Making this realization of2 extremely large
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is not necessary; we only want to emphasize that there is no need to restrict

the value of a realization of costs as long as the agent knows she would pay

a penalty upon this realization. The possibility of2 being extremely large

with a non-moderate chance is missing from the analysis by Laibson, 2015

and Carrera et al., 2022, as they consider the distribution as a whole to be

determined by a di�erentiable cumulative distribution function. From the

empirical perspective, the possibility that2 ! ¸1 can be incorporated as a

positive chance with which the agent pays the penalty no matter the realization

of costs, which can be assumed to otherwise have a regular distribution (for

example, exponential).

The costs are realized in period2 right before the agent decides if she does the

action. Therefore, in period1, the agent decides whether to take up commitment or

not based on its distribution rather than a deterministic value.

We will now consider a penalty-based commitment contract with penalty? =�
1
bV

� 1
�

1: this contract will make the agent choose0 = 1 if and only if it is what

she prefers her future self to do in period 1. We call such devicebene�t-based. We

use it as an example to illustrate that the demand for commitment withsomepenalty

is not fully eroded by a large chance of failure.

Proposition. The agent takes up a bene�t-based commitment device if and only if:

b¹1 � ` º � ¹ 1 � b � qº

 
1
bV

� 1

!

� 0• (1.21)

Proof. If the agent takes up this contract in period 1, she believes her expected

payo� to be as follows:

b¹1 � `1 º ¸ ¹ 1 � q � bº¹� ?º =

"

b¹1 � ` º � ¹ 1 � b � qº

 
1
bV

� 1

!#

1• (1.22)

The statement of the proposition follows from the assumption that the agent makes

her take-up decision based on the expected payo�.

Expression (1.21) can be positive under reasonable parameters. For example, the

empirical estimates from the study by Carrera et al., 2022 allow forq = 0•22,

b = 0•43, bV = 0•84. Then, (1.21) is positive if̀ is negligibly larger thanbV, which

stands for the contract to be useful under the lowest possible costs. Although it is
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unlikely to be the case, it would allow all failures (35%) to be planned. Planned

failure can still be as high as 31% of commitment take-up with a more realistic

` = 0•87.20

Corollary 1 The agent does not take up the bene�t-based contract if the chance

that bene�ts exceed the delayed costs is larger than the chance the agent in period1

prefers her future self to do the action, while she would not do it without commitment.

Corollary 1 follows from rearranging the terms in expression (1.21) and repeats what

was established by Carrera et al., 2022 under arguably less restrictive assumptions

on the cost function.

Corollary 2 A commitment device can be in demand even if the condition in Corol-

lary 1 does not hold.

Corollary 2 follows from considering the distribution of2 such that the chance

2 is close to1 is extremely small. If it is zero, then the expected costs while

2 2 ¹bV1; 1¼remain`1 , while the penalty smaller than
�

1
bV

� 1
�

1 can be selected,

thereby increasing expression (1.21). Carrera et al., 2022 might not consider this

possibility as their assumptions make expected bene�ts from commitment increase

in ? so long as2 remains strictly below1. It cannot be considered an omission as

such a distribution of costs does not seem likely to be empirically observed, and

therefore Corollary 2 is merely an exercise.

A.4 General Data Description

The69participants in our sample were o�ered1–242contracts one week ahead and

the same amount thirty minutes ahead. Participants accepted59•4%of the contracts

one week ahead and51•3%thirty minutes ahead. These rates are among the highest

for penalty-based studies,21 likely due to the �exibility of each contract. These rates
20While emphasizing that the chance of costs exceeding bene�ts needs to be moderate, Carrera

et al., 2022 focus on the distribution of costs of going to the gym. We abandon this approach as their
commitment devices are imposed on, for example, going to the gym 12 or more times. Notably, their
analysis fully applies to the piece-rate incentives that they examine both theoretically and empirically
in great detail.

21Usually between10%and70%, (see Carrera et al., 2022, for a summary).
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also align with the proportion of people aware of their present bias, as observed in

the studies by Augenblick and Rabin, 2019 and Fedyk, 2016.22

In our setup, commitment take-up (as a binary decision) is an individual charac-

teristic and depends almost exclusively on whether the individual is aware of their

present bias. That is because we allow for a very �exible contract, which is strictly

bene�cial as long as the individual expects herself to do fewer tasks in the future

than she would prefer presently. Indeed, the take-up one week ahead (Figure A.3a)

shows little di�erent in take-up across wages and contract types. However, thirty

minutes ahead, there is a tendency for higher take-up for larger wages. There also

seems to be a tendency for contracts for Short to be in more demand than contracts

for Long. One possible explanation is that, if costs are too high or the wage is too

low, a small extent of present bias (bV � 1) can lead to no di�erence between the

number of tasks that the agent wants herself to do in the future and expects herself

to do in the future, as the number of tasks is discrete.

Further, we �nd most participants can be classi�ed into those who commit and those

who do not. One week ahead,51out of69participants took up at least15or at most

3 contracts out of18. Thirty minutes ahead, this number was50.

In addition to the take-up rates on contract level, we consider the take-up rates on

individual level. Out of69 participants,35 (46•3%) took up at least15 contracts

out of 18 one week ahead. Thirty minutes ahead, this number is25 (36•2%),

and19 participants (27•5%) took up at least15 contracts each day. We attribute

the distinction between the days to the small time di�erence between thirty minutes

ahead and the time on performing the tasks: the participants might see their interests

mostly aligned with those of their future selves, and, therefore, see no need in a

contract. Another possibility is that they had costly take-up experimentation one

week ahead, and did not bene�t from it thirty minutes ahead (Kaur et al., 2015). We

discuss whether take-up stems from awareness of present bias or something else in

the corresponding section.

Result 1. The decision to commit is largely una�ected by the di�culty of the tasks

or the wage received by the participant.
22About 40� 45% in the study by Fedyk, 2016 (based on the kernel density graph, the median is

1) and54� 60% in the study by Augenblick and Rabin, 2019.
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Figure A.3: Commitment take-up by wage

(a) One week ahead

(b) Thirty minutes ahead

Thresholds

Figure A.4 shows the average thresholds by wage across all taken-up contracts.

First, the pairwise di�erences between the average thresholds for Short and for Long

under the same wage are only occasionally statistically signi�cant one week ahead

and never thirty minutes ahead. Second, there is scant evidence of any impact of

wages on average thresholds: higher piece-rate wages have a negligible impact on

the thresholds on either day. Even in contracts for Short, the di�erence in average

thresholds between the lowest piece-rate wage of0•10and the highest wage of0•60is

not signi�cant. Similarly, penalties, on average, do not increase with wage. Further

for each participant who signed up for at least two di�erent wages in the contract

for Short one week ahead, we collected the thresholds for the lowest and highest

wages they signed up for and found no statistically signi�cant di�erence between

these thresholds. Likewise, no di�erence emerges in the average thresholds between

those who signed up for the minimum and maximum wages.
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Figure A.4: Average threshold by wage

(a) One week ahead

(b) Thirty minutes ahead

Figure A.5: Thresholds vs. Work Decisions

(a) One week ahead

(b) Thirty minutes ahead
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Now let us demonstrate that the thresholds for Short tasks are, on average, signif-

icantly lower than the corresponding work decisions. We begin this comparison

by analyzing how these thresholds align with the participants' responses about how

many tasks they intended to complete. The analysis starts with the sample of38

participants one week ahead and36 thirty minutes ahead, each of whom took up5

out of 6 o�ered contracts.23 Figure A.5 shows that the thresholds in their contracts

for Short tasks are, on average, signi�cantly lower than their declared work decisions

at corresponding wages.

Figure A.6: Thresholds minus Work Decisions

(a) One week ahead

(b) Thirty minutes ahead

We further compare thresholds and work decisions on an individual level. Figure

A.6 illustrates the distributions of the di�erences between thresholds for Short tasks

and corresponding Work Decisions.24 Further, more than half of the thresholds are

signi�cantly lower than work decisions.
23Most participants who accepted exactly5contracts out of6 typically did not take up the contract

o�ering the minimum wage of10¢.
24Work decisions under10, 18, 30, 48, 50, and 54 cents piece-rate wages corresponding to

contracts under piece-rate wages of10, 20, 30, 40, 50, and60cents, respectively.
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Figure A.6 suggests that more than half of the participants choose commitments

that do not encourage them to complete more tasks than they expect to do without

commitment. Given our discovery that commitment appears to be an individual

characteristic, we explored whether the di�erence between threshold and work

decision might also be a personal trait. To this end, we revisited our sample of

participants who took up at least �ve contracts for Short out of six. We calculated

the average di�erence between the threshold and work decision for each participant.

Although each comparison involves only �ve or six observations, one week ahead

(thirty minutes ahead)16(18) out of38(36) participants exhibited thresholds lower

than work decisions at a0•05 signi�cance level, and20 (24) at a0•1 signi�cance

level. Meanwhile, only one participant had thresholds signi�cantly higher than work

decisions on average one week ahead, with a p-value of0•06at the0•1 level. There

were no such participants thirty minutes ahead.

We suggest two interpretations for the di�erence between work decisions and com-

mitment thresholds. Our �rst interpretation is that our split between Short tasks

and Long tasks does not account for all the uncertainty of costs. Speci�cally, under

uncertain costs, a participant needs to choose a work decision that is suboptimal for

many cost realizations. Imagine a distribution of costs that is skewed towards lower

values but has a large span. The participant might set her work decision high as she

wants to bene�t from the lower realizations of costs. Meanwhile, a commitment

keeps the participant capable of doing more tasks than the threshold. Therefore, she

might set the threshold low to avoid the consequences of extremely low costs but

still reap the bene�ts of low-cost realizations.

Let us brie�y discuss how this interpretation a�ects our identi�cation strategy.

Suppose that a participant takes up commitment for Long and the costs of doing

Long tasks are uncertain. Then there are cost realizations for which penalty%!

in commitment for Long is the minimum penalty that ensures reaching threshold

4! . Then a partial contract will make the individual fail for these cost realizations.

Therefore, our identi�cation approach is still indicative of an intention to fail with a

positive chance.

Our second interpretation suggests that many participants miss an opportunity to

boost their performance with commitment altogether. If they prefer commitment

per se, which is consistent with Result 1, they can choose a `safe' threshold they

believe they would reach even without commitment. This result aligns with �ndings

from Augenblick and Rabin, 2019, who observed that despite having the opportunity,
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participants do not leverage tasks as a commitment device. Further, Kaur et al., 2015

suggest that participants might engage incostly experimentation, which, again, can

make one take up a commitment without an intent to use it. If this interpretation

prevails, our identi�cation of planned failure is �awed.

These two interpretations are not mutually exclusive. Unfortunately, our data does

not allow us to distinguish clearly between them. Notably, the uncertainty-based

interpretation is consistent with the approach to commitment as a way for people to

enhance their performance. Meanwhile, the non-instrumental interpretation requires

developing a new perspective on how (and if) commitment options should be o�ered.

Result 2. On average, thresholds for Short tasks are lower than the thresholds for

Long tasks.

Result 3. At least half of the participants choose a commitment threshold for Short

signi�cantly lower than our prediction.

Before we proceed, let us brie�y explain how the two interpretations a�ect our

identi�cation of partial commitments. We assume that the participants choose the

minimum penalty that allows them to follow through with commitment whenever

they plan. Then setting a threshold to be higher or a penalty to be lower

Penalties

We summarize the average penalties in Figure A.7. Similarly to the size of thresh-

olds, the size of penalties does not change across the types of contracts and wages.

Meanwhile, the average penalties are signi�cantly smaller thirty minutes ahead than

one week ahead. With the thresholds for Long being approximately the same on

Days 1 and 2 (see Figure A.4), it corresponds to1 ¡ bVDay2 ¡ bV. Further, the small

size of the penalty thirty minutes ahead is consistent withbVDay2 being close to1.
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Figure A.7: Average penalty by wage

(a) One week ahead

(b) Thirty minutes ahead

Despite that the data on penalties is mostly consistent with the predictions of the

model, it is also consistent with the idea that the participants do not use commitment

to boost their performance. That is because most penalties are small: across all

commitment contracts,49%and62%of penalties do not exceed $1 one week ahead

and thirty minutes ahead, respectively. Figure A.8 shows the distribution of penalties

by wage for both days; we pool all three types of contracts together as there is little

observable di�erence in the distributions of their penalties.
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Figure A.8: Distribution of penalties by wage

(a) One week ahead

(b) Thirty minutes ahead

We have two interpretation for the small size of most penalties. The �rst interpreta-

tion is consistent with the studies that �nd people mostly unaware of their present

bias. WithbVonly slightly below1, they recognize that they require a commitment

contract but believe that a small penalty would be enough for achieving their goal.

Our second interpretation suggests that choosingsomepenalty is enough for the par-

ticipant as they value following through per se. This interpretation is consistent with

the study by Derksen et al., 2021, who �nd that doctor appointments are enough for

boosting the visits, and the participant need no penalty for achieving their goal. No

matter the interpretation, we can conclude that, when given a choice, the participant

prefer a low penalty, and therefore signing up for a high penalty is likely being due to

the preference for commitment take-up without regard to commitment parameters.

Let us summarize our results for commitment decisions before we proceed to analyze

planned failures. Firstly, we �nd that the parameters of a contract have little impact

on take-up decisions: most individuals either take up (almost) all available contracts
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or barely take up any. Secondly, we �nd that our model does not predict the choice

of thresholds accurately: individuals rarely choose thresholds at least as high as the

model predicts. In contrast, many participants chose a lower threshold. Finally, most

individuals choose penalties that are negligible in size. This evidence suggests that

most committed participants do not aim to boost their performance. Combining it

with extensive demand for commitment suggests that commitment take-up requires

other modeling approaches.

Result 3. Most penalties are negligible.
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C h a p t e r 2

THE IDENTIFIED HELPER EFFECT ON THE FREQUENCY OF
ASKS

1 INTRODUCTION

People in need often have opportunities to ask others for help, but frequently choose

not to. Children avoid asking for help in classrooms (Ryan et al., 1998), professionals

refrain from seeking help from their colleagues and employees (F. Lee, 1997), and

many patients in need of a kidney transplant never reach out to potential living

donors (Jaroszewicz et al., 2022). Still, asking can be a crucial step in receiving

help. First, potential helpers must be made aware of the need. Second, existing

research highlights the power of the ask itself: communication from the recipient to

the helper signi�cantly increases giving (Andreoni and Rao, 2011).

While much of the literature explores psychological and social barriers to asking,

there is a growing need for practical tools that help overcome this reluctance.

Our study contributes to this e�ort by o�ering a simple and scalable approach

to encouraging asks�one that can be applied across a range of contexts to help

ensure more needs are recognized and met.

We examine whether changes in the identi�ability of potential helpers can in�uence

asking behavior. Identi�ability has previously been shown to a�ect decision-making

in charitable giving. For example, the well-established identi�able helper e�ect�

where people are more likely to help individuals they know something about, rather

than anonymous or statistical others�has been shown to promote prosocial behavior

(we survey this and other related literature in Section 1.1). In addition, Chen and Gao

(2022) �nd that merely knowing a donor's identity (such as through an uninformative

name) encourages recipients to act more consistently with the broader goals of the

donation.

Building on these �ndings, we investigate whether avery weakform of helper

identi�ability can in�uence asking behavior. Speci�cally, we assign uninformative

ID numbers to potential helpers and reveal these numbers to those who can ask. A

related subtle manipulation was shown by Small and Loewenstein (2003) to increase

giving in dictator games.
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In our experiment, we randomly assign roles of askers and helpers to the participants.

We introduce the need through the di�erence in the money endowments: helpers

receive more money at the beginning of the experiment. An asker begins with

a negligible sum and can request help, which would be an increase in his bonus

payment at the expense of one of the helpers. Some askers receive the ID number

of a helper to whom they can address their request (Treatment ID). Other askers

do not receive an ID; instead, their request is directed to randomly selected helpers

(Treatment No ID).1 Since our design aims to isolate the identi�ability e�ect, the

treatments are otherwise identical. Notably, the helpers in the two treatments receive

the same instructions.

We �nd that askers who are shown the ID of their potential helper are signi�cantly

more likely to ask for help (76•5%vs. 67%). While studying the mechanism behind

the change, we �nd a striking di�erence in the role of beliefs across treatments. In

Treatment ID (with identi�ed helpers), the perceived expected payo� from asking

helps predict the decision to ask. In contrast, in Treatment No ID (with unidenti�ed

helpers), the expected payo� is entirely uncorrelated with asking behavior. This

suggests that other factors must be contributing to the decision to ask in Treatment

No ID, to the extent that they overshadow the role of expected payo�. We identify

one such factor�the perceived likelihood that other askers will request help�and

show that it has a strong, positive causal e�ect on asking in Treatment No ID.

Our study contributes to the literature in several ways. First, the simple tool for

changing the frequency of asks that we �nd contributes to the growing literature on

the receivers of help (Bénabou et al., 2025; Chen and Gao, 2022; Jaroszewicz et al.,

2022; Nadler, 2015). Second, our analysis of beliefs suggests an alternative approach

to studying the mechanism of the identi�able victim e�ect (and other identi�cation-

based e�ects2), which has so far been approached using primarily psychological

(Jenni and Loewenstein, 1997; S. Lee and Feeley, 2018) and neurological (Genevsky

et al., 2013; Zhao et al., 2024) methods. Third, we add to the studies that demonstrate

the e�ect of as minor identi�ability change as uninformative numbers (Aimone and

Houser, 2012; Small and Loewenstein, 2003). In addition, while the previous

studies were run in laboratory settings, we demonstrate the e�ect on the Proli�c

online platform.

Promoting the e�ciency of charitable, fundraising, and similar organizations re-
1We run the two treatments separately: the askers who receive an ID do not know that there are

askers who do not receive it, and vice versa.
2For example, Song et al., 2022 study customer identi�cation in the service context.
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quires careful attention to the frequency of asks. We show that a marginal change

in the identi�ability of potential helpers can lead to a substantial increase in asking

behavior. The minimal nature of this intervention suggests that the result may have

broad applicability, especially once the underlying mechanisms are better under-

stood.

The paper proceeds as follows. Section 2 presents the baseline study, which demon-

strates the positive e�ect of identi�ability on the frequency of asks. Section 4

describes the follow-up sessions, which explore the role of beliefs and con�rm that

askers perceive no di�erence between helpers in the two treatments. Section 5

discusses the results and concludes with a discussion of their broader applications.

1.1 Connection to the literature

Empirical studies on recipients of help explore a variety of contexts, including,

broadly de�ned, charitable giving (Chen and Gao, 2022; Jaroszewicz et al., 2022),

advice-seeking (Chandrasekhar et al., 2018, October; F. Lee, 1997; Ryan et al.,

1998), and the take-up of social bene�ts (Bhargava and Manoli, 2015). Some of

these studies provide empirical evidence on the extent to which people refrain from

seeking help when they need it. In general, this extent is di�cult to estimate: not

every participant in an advice-seeking study requires advice, while studies solely

on those who seek help leave those who do not seek help unobserved. Jaroszewicz

et al. (2022) �nd that approximately one-quarter of patients in need of a kidney

transplant never reach out to potential living donors. Further, using data from the

2005 tax year, Bhargava and Manoli (2015) estimate that 25% of those eligible for

the Earned Income Tax Credit do not claim it, with a typical non-claimant forgoing

an amount equivalent to more than a month of income. These �ndings underscore

the importance of increasing the frequency of asks, particularly in nonpro�t and

health-related domains.

Many studies on help-seeking behavior focus on why individuals might refrain

from asking for help�such as revealing incompetence (F. Lee, 1997; Ryan et al.,

1998), incorrect beliefs about help3 (Bohns, 2016), and, broadly, psychological pain

(Bénabou et al., 2025; Bohns and Flynn, 2010; Jaroszewicz et al., 2022). The

variety of possible explanations suggests that overcoming moderate rates of asking

may require context-speci�c approaches. In contrast, our study o�ers a simple and
3We thank Ania Jaroszewicz for generously sharing an early draft of her work on the impact of

helpers' beliefs about the askers' desire for help and second-order beliefs of askers.
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scalable tool for encouraging more people to ask for help�one that can be applied

across a wide range of settings, ultimately enabling more needs to be met.

The primary motivation for exploring the e�ect of identi�ability on help-seeking

behavior is rooted in a well-established �nding: people are more inclined to help

when theperson in needis identi�able. This phenomenon, widely known as the

identi�able victim e�ect (see S. Lee and Feeley, 2016, for a review), captures

the tendency for individuals to respond more generously when the recipient is

presented as a speci�c, identi�able individual rather than as a vague or statistical

�gure. Fundraising platforms such as GoFundMe strategically leverage this e�ect

by encouraging users to share highly personal stories, thereby increasing donations.

Proposed explanations for the identi�able victim e�ect include the perception that

a higher proportion of people in need receive help if victims are identi�able (Jenni

and Loewenstein, 1997), as well as di�erential emotional responses to identi�able

versus statistical victims (S. Lee and Feeley, 2018; Small, 2015, August). Our study

contributes to this literature by showing that identi�cation also alters decision-

making conditional on beliefs. Speci�cally, we demonstrate that in the absence

of helper identi�cation, the motivation to maximize expected payo� is entirely

overshadowed by other considerations.

There are several factors that may cause a helper's identi�ability to reduce the like-

lihood of asking, thereby necessitating the generalization of helpers to promote it.

Individuals may feel more apprehensive about being rejected by a speci�c, identi�ed

person than by an anonymous or statistical helper (Bénabou et al., 2025). Addition-

ally, people tend to be more optimistic about uncertain outcomes than those already

determined, making them more willing to seek help when the helper remains anony-

mous (Brun and Teigen, 1990; Rothbart and Snyder, 1970; Strickland et al., 1966).

At the same time, social preferences can shape the e�ect of identi�ability in compet-

ing ways. While some may avoid imposing a burden on an identi�able individual,

others may perceive asking as a way to address fairness concerns (Andreoni, Aydin,

et al., 2020). Whether identi�ability increases or decreases asking behavior thus

depends on which of these considerations dominates.

While the change in helper identi�ability we introduce is minimal, it aligns with

prior �ndings that even slight modi�cations to identi�ability can in�uence decision-

making. Small and Loewenstein (2003) �nd that simply providing a dictator with an

ID for their counterpart in a dictator game increases sharing. Similarly, Aimone and

Houser (2012) demonstrate that the possibility of personal betrayal discourages trust
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in an investment game, isolating its personal nature by contrasting a participant's

counterpart with the trustees of other participants. Our study provides further

evidence that even minimal changes in identi�ability can shape individual behavior.

Focusing on such minimal changes is particularly important, as they are easy to

implement and avoid the framing e�ects introduced by more detailed information.

2 BASELINE EXPERIMENT

2.1 Experiment Design

Participants in our experiment are randomly assigned to one of two roles: askers

(Group A) or helpers4 (Group B), and this randomization is common knowledge.

Each helper is assigned a unique but uninformative ID number. Participants are

then split equally into two treatment groups, within which askers and helpers are

matched.5

ˆ Treatment ID (Identi�ed Helpers) : Askers are matched with their helpers

before the experiment begins and learn their helper's ID number at the start

of the experiment.

ˆ Treatment No ID (Non-Identi�ed Helpers) : Askers are matched with their

helpers after the experiment concludes, meaning askers do not know their

helper's ID number during the experiment.

Figure 2.16 gives the details on the di�erence in the two treatments in the instructions
4In the main text, we focus on the behavior of askers. We summarize the instructions and

responses of helpers in Appendix B.3.
5Since our primary interest lies in askers' behavior, we assign �ve times more askers than helpers.

Only 20% of askers are randomly selected to be matched with a helper. As a result, each matched
asker interacts with exactly one helper, ensuring that, for all practical purposes, askers and helpers
can be considered paired.

6 Note to Figure 2.1: This �gure illustrates the di�erences in instructions given to askers across
treatment conditions. It also elaborates on our assignment of �ve times more participants to be
askers than helpers in both treatments, which we do to expand the sample of askers while e�ciently
managing experimental costs. Since our primary interest lies in askers' behavior, only 20% of
them are randomly selected to be matched with a helper. Each sub�gure presents the portion of
the instructions that askers receive between the role assignment and the explanation of actions and
payments. InTreatment ID, askers are explicitly assigned a counterpart and receive their helper's
unique ID number, as shown in Figure (a). Later in the instructions, they are reminded thatonly
the designated Group B participant (identi�ed by the assigned ID) can a�ect their payment for the
experiment. Word NEXT depicts a button that the askers had to press for the new pieces of
instructions to appear on the screen. InTreatment No ID, participants are not assigned a speci�c
counterpart. Further in the instructions, they are reminded thatanyparticipant from Group B could
in�uence their payment.
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for askers. The instructions for helpers remain the same across treatments, ensuring

that any observed di�erences in behavior stem solely from the askers' side. To

ensure that askers in di�erent treatments perceive the helpers similarly, we provide

askers with a portion of the helpers' instructions. In Section 4, we discuss the two

additional experiments we ran to ensure that askers perceive no di�erence between

helpers across the two treatments.

For both askers and helpers, the experiment consists of two rounds, one of which

is randomly selected to determine participants' additional payments for the entire

experiment. In Round 1, askers and helpers participate in the asking game. In Round

2, they are asked to submit their beliefs about help and about other participants.

Round 1: Asking Game

Round 1 is the main task of this experiment. For brevity, we will use the generic

names Alice and Bob for the asker and the helper, respectively.

At the beginning of Round 1, Alice has apotential bonusof $0.5. The potential

bonus represents the additional earnings a participant can receive beyond the �xed

participation payment, depending on their own and their counterpart's choices. Bob,

in turn, has a potential bonus of $6.

Alice can choose to ask Bob for help. If she does not ask, the potential bonuses

remain unchanged: Alice keeps $0.5, and Bob keeps $6. If Alice asks, Bob then

decides the outcome for both potential bonuses.

ˆ If Bob agrees to help, Alice's potential bonus increases to $3, while Bob's

decreases to $4.

ˆ If Bob refuses to help, Alice's potential bonus drops to $0, and Bob retains

his $6.

The diagram below shows the actions and gives the potential bonuses in parentheses

(Alice's bonus �rst). We use the strategy method to elicit Bob's decisions. Instead

of responding only when Alice asks for help, Bob makes a decision in advance,

specifying whether he would help if asked. This ensures that Bob's choice is

recorded regardless of Alice's actual decision. Alice is aware that Bob makes his

decision in this way.
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Alice

(0•5, 6)

Don't Ask

Bob

(3, 4)

Agree

(0, 6)

Refuse

Ask

The choice of monetary parameters serves multiple objectives. First, we set the

monetary cost of asking for help to be positive yet negligible to prevent extreme

frequencies of asks (close to0% or 100%). Second, the combination of asking and

receiving help increases social surplus (from$6•5 to $7), while the combination of

asking and not receiving help decreases it (from$6•5 to $6). We rely on such a setup

to create additional incentives for helpers to help. Finally, if a helper chooses to help,

they still earn more than their asker ($4vs. $3), preserving altruistic incentives.

Round 2: Beliefs

In Round 2, Alice answers two questions in a random order:

ˆ Question 1: `What is the chance that Bob agrees to help?'[beliefs about

help]

ˆ Question 2: `Think about all participants that were assigned to Group A.

What is the chance that a randomly selected participant from Group A asks

for help?' [beliefs about others]

The �rst question concerns the expectation of receiving help. If participants aim

to maximize their expected payo�, this belief should strongly predict their decision

to ask. The second belief pertains to the likelihood that another asker will request

help. This measure helps determine whether askers are in�uenced by the actions of

others or whether they project their own behavior onto others.

In Round 2, Alice can earn either $0 or $3. We use the BDM method to incentivize

truthful belief reporting (Becker et al., 1964). The procedure is explained to partic-

ipants at the outset, with periodic reminders provided throughout the experiment.
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Figure 2.1: Di�erences in askers' instructions across the treatments

(a) Treatment ID

[a participant is randomly assigned to Group A; helpers are in Group B]

Each participant in Group B has a three-digit ID number.

Now one of the participants in group B will be randomly selected as YOUR
COUNTERPART.

NEXT

Your counterpart is #100

NEXT

If you are selected to receive the bonus, your choices and your counterpart's
choices will determine your payments.

Here is how it works. Exactly �ve participants from Group A will be
assigned the same counterpart from Group B. Then, one out of �ve
members of Group A who have the same counterpart from Group B will be
selected to receive the bonus. Thus, you will have a20%chance of being
selected to receive a bonus, and then #100 makes the decision speci�cally
for you.

[actions and payments are explained]

(b) Treatment No ID

[a participant is randomly assigned to Group A; helpers are in Group B]

Each participant in Group B has a three-digit ID number. If you are selected
to receive the bonus, the computer will select your counterpart from Group
B after you complete the study.

If you are selected to receive the bonus, your choices and your counterpart's
choices will determine your payments. Here is how it works. One of �ve
participants from Group A will be selected to receive the bonus and then
matched to their counterpart from Group B. Thus, you will have a20%
chance of being selected for receiving a bonus, and any of the participants
from Group B can a�ect your payment.

[actions and payments are explained]

Note: See notes in the footnote on p. 62.
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2.2 Implementation

The experiment was approved by the Caltech IRB (IR23-1316) and pre-registered

(AsPredicted #133951). We conducted the experiment on the Proli�c online plat-

form in June 2023. Given its short duration, it was combined with another experi-

ment unrelated to this project.7

We recruited a total of480participants, equally split between two treatments:200

askers and40 helpers in Treatment ID, and200askers and40 helpers in Treatment

No ID. Random assignment between roles was achieved by running sequential

sessions that were indistinguishable in title and description. Within each treatment,

we �rst conducted the session for askers (200participants) followed by the session

for helpers (40 participants). Each participant could join only one session. The

sample included participants aged18to 65, and was gender-balanced and restricted

to individuals residing in the United States with a high approval rating on Proli�c.

All participants received a �xed$1 participation payment for completing the ex-

periment. In addition, the average earnings were$0•36 for askers and$3•86 for

helpers.8 The average completion time for askers was3•39minutes in Treatment ID

and2•88 minutes in Treatment No ID, with most of the di�erence stemming from

the time spent on instructions and deciding whether to ask for help.

2.3 Baseline Hypothesis

Our main hypothesis, which we test with the goal of rejecting, is grounded in the

discussion of the related literature. The existing evidence largely suggests that

increasing a helper's identi�ability decreases the likelihood of asking for help. One

possible explanation is the fear of rejection, which may be heightened when the

helper is identi�able. Askers might worry more about being rejected by a speci�c,

identi�ed person than by an anonymous or statistical helper. Bénabou et al. (2025)

link this fear to the perceived value of the person making the request.

A second possibility could be thatoptimism about receiving helpmay be greater

when the helper is statistical rather than identi�able. Prior research suggests that

people are more willing to bet on uncertain future outcomes than on those that have
7Details of the other project are available upon request.
8Although helpers cannot get less than $4 in the asking game (see page 63), many of them got

less than$4 due to being randomly assigned to be paid for Round 2, where they needed to submit
their beliefs about askers and other helpers and could get either$0or $3.
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already been determined (Brun and Teigen, 1990; Rothbart and Snyder, 1970), and

tend to take more risks when making predictions rather than postdictions (Strickland

et al., 1966). Identi�ability may partially resolve uncertainty before the request is

made. In contrast, when the helper remains anonymous, uncertainty persists, po-

tentially allowing people to remain more optimistic about their chances of receiving

help.

At the same time, social preferences may in�uence the e�ect of identi�ability in

di�erent directions. Given that individuals tend to favor ex-ante fairness in decision-

making (Andreoni, Aydin, et al., 2020), the perceived fairness of asking depends on

how participants interpret fairness in the given context. On one hand, placing the

burden of helping on an anonymous or statistical helper may seem more justi�able

than asking a speci�c individual, making people less likely to request help from

an identi�ed person. On the other hand, knowing the identity of a counterpart

may highlight disparities in starting endowments due to luck, which could, in turn,

increase the likelihood of asking. Thus, whether identi�ability increases or decreases

asking behavior may depend on whether participants focus more on avoiding the

imposition of a burden on an identi�able individual or on rectifying perceived

inequalities.

H0 The rates of asking in Treatments ID and No ID are the same.

3 BASELINE RESULTS

Figure 2.2a presents the average frequency of asking by treatment. Providing ID

numbers of helpers to askers increases the average asking rate from67%to 76•5%

(? = 0•046in a two-sided proportion test).

Result 1. Asking is signi�cantly more frequent in Treatment ID (with identi�ed

helpers).

This is the main result of the paper. We now investigate the mechanism behind this

e�ect by analyzing askers' beliefs. Our analysis is simpli�ed by the fact that the

distributions of beliefs are similar across the two treatments. First, average beliefs

remain statistically unchanged: askers estimate their chances of receiving help
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(beliefs about help) and the likelihood that a random asker makes a request (beliefs

about others) at approximately42% and 65%, respectively, in both treatments.9

Second, we narrowed the sample to those who asked for help and compared their

beliefs between the treatments. Similarly, we compared the beliefs of those who did

not ask between the treatments. This analysis also reveals no signi�cant di�erences.

Figures 2.2b and 2.2c show that average beliefs are nearly identical, and Figures B.1�

B.3 in the Appendix con�rm that the belief distributions do not noticeably di�er.

We can expect that individuals strongly rely on theirbeliefs about help�that is, their

perceived chance that the counterpart will agree to help�when deciding whether to

ask. Moreover, the act of asking is likely to reinforce these beliefs: those who ask

may overstate their beliefs about help, while those who do not ask may understate

them. Overall, we expect that individuals who choose to ask hold higherbeliefs

about helpthan those who do not.

However, as Figure 2.2b shows, we observe this relationship in Treatment ID but

not in Treatment No ID. More speci�cally, in Treatment ID, the decision to ask and

beliefs about helpare positively correlated, with a coe�cient of0•21 (p-valueŸ

0•01). In contrast, in Treatment No ID, the correlation is not statistically signi�cant.

This suggests that, in Treatment No ID, the decision to ask is primarily driven by

factors other than the perceived chance of receiving help.

Result 2. Unlike in Treatment ID, in Treatment No ID, the decision to ask is not

correlated with the perceived chance of receiving help (i. e., with thebeliefs about

help).

The absence of a relationship in Treatment No ID eliminates the possibility that the

asking decision is primarily guided by the maximization of expected payo�, which is

proportional tobeliefs about helpafter asking and constant otherwise. Therefore, we

cannot claim that introducing identi�cation intoanyasking-for-help context would

necessarily lead to an increase in the asking rate. Instead, in this speci�c context,

relying more on expected payo��rather than on other (as yet unclear) factors�led

to more frequent asking.

We now turn to the question of which factors might override the in�uence of expected

payo� on the decision to ask. Among several possibilities, we focus on the perceived
9Table B.1 in the Appendix reports summary statistics for the full sample and by treatment.
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chance that other askers request help�beliefs about others. This factor is directly

related to social norms and the potential stigma associated with asking for help.

Figure 2.2c shows that, in both Treatment ID and Treatment No ID, individuals who

ask for help hold, on average, higherbeliefs about othersthan those who do not.

This pattern suggests that, in Treatment No ID, the perceived chance that others are

also asking may be one of the factors that crowds out the role of expected payo� in

the decision to ask.

However, based on correlation alone, we cannot conclude that beliefs causally a�ect

the asking decision. It is also possible that individuals simply project their own

decision onto others. To address this concern, we introduce an additional treatment

designed to demonstrate thatbeliefs about othershave a positive causal e�ect on the

decision to ask. We describe this additional treatment at the beginning of the next

section.

In Table 2.1, we explore the relationship between asking and beliefs in more detail

using a correlation analysis. We control for gender, age, overcon�dence,10 risk

aversion,11 and performance on simple logic tasks.12 Table 2.1 presents the results.

The analysis of the correlation coe�cients suggests that, in Treatment No ID, the

role of beliefs about helpis substantially overshadowed by the in�uence ofbeliefs

about others: although the two variables have approximately the same variance (see

Table B.1 in the Appendix), the coe�cient on beliefs about others is twice as large.

In contrast, in Treatment ID, both types of beliefs are equally strongly associated

with the asking decision.

We conclude this section by noting that our results are primarily driven by women

in the sample. Their asking rates were83%in Treatment ID and68•47%in Treat-

ment No ID, compared to70%and65•4% for men, respectively.13 The treatment
10Following (Ortoleva and Snowberg, 2015), we constructed two measures of overcon�dence.

First, we asked participants a simple factual question about the year the wired telephone was invented.
Then, to capture overprecision, we used two approaches: a qualitative measure based on self-reported
con�dence, and a quantitative measure based on the participant's stated probability that their response
is within 25 years of the correct answer.

11We corrected for risk aversion measurement error using the Obviously Related Instrumental
Variables (ORIV) method suggested by Gillen et al., 2019. In two separate tasks, participants were
o�ered the opportunity to invest a portion of their 200 tokens in a risky project, with the gains and
chances of success varying between tasks. We then used the two measures as instruments for each
other to address measurement error in individual risk preferences.

12For example: �Jerry received both the 15th highest and the 15th lowest mark in the class. How
many students are in the class?�

13Due to a technical issue on Proli�c, we had to stop data collection for Treatment No ID
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Figure 2.2: Average askers' responses: Baseline results

(a) Frequency of asks (b) Beliefs about help

(c) Beliefs about others

Note: This �gure shows the average responses to the primary experimental questions. The
head of each sub�gure gives the treatments. Treatment ID is for the askers with identi�ed
helpers, and Treatment No ID is for askers with non-identi�ed helpers. In Figures 2.2b
and 2.2c, the horizontal axis gives the subsamples within a treatment: those who ask for
help and those who do not ask. Figure 2.2a gives the average frequencies of asks in both
treatments; the rate of asking is9•5 pp. higher in Treatment ID (76•5%vs. 67%; two-sided
proportion test? = 0•046). Figure 2.2b gives the average perceived chance of receiving
help. The di�erence between those who ask and do not is signi�cant at1% signi�cance
level within Treatment ID and not signi�cant at10% signi�cance level within Treatment
ID. The di�erences between the treatments within each decision are not signi�cant at10%
level. Figure 2.2c gives the average perceived chance that a randomly selected asker asks
for help. The di�erence within each treatment is signi�cant at1% level. The di�erences
between the treatments within each decision are not signi�cant at10%level.
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Table 2.1: Correlation between asking and beliefs

Dependent variable:1 if asks,0 if does not ask

OLS IV OLS IV OLS IV OLS IV

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

ID 0.095�� 0.078�� 0.023 � 0.0004 0.279�� 0.250��� 0.290 0.218�

(0.045) (0.032) (0.095) (0.065) (0.120) (0.084) (0.187) (0.126)
Beliefs about help 0.002 0.001 0.006�� 0.005���

(0.001) (0.001) (0.002) (0.002)
ID � Beliefs about help 0.002 0.002 � 0.001 0.00001

(0.002) (0.001) (0.004) (0.003)
Beliefs about others 0.008��� 0.008��� 0.012��� 0.011���

(0.001) (0.001) (0.001) (0.001)
ID � Beliefs about others � 0.003�� � 0.003��� � 0.006�� � 0.005���

(0.002) (0.001) (0.002) (0.002)
Beliefs about help� Beliefs about others � 0.0001��� � 0.0001���

(0.00003) (0.00003)
ID � Beliefs about help� Beliefs about others 0.0001 0.0001

(0.0001) (0.00004)

Observations 400 399 400 399 400 399 400 399
Controls NO YES NO YES NO YES NO YES
ORIV NO YES NO YES NO YES NO YES
Adjusted R2 0.009 0.029 0.159 0.190

Note: This table shows the correlation between asking and beliefs in the baseline treatment. ID is a binary variable equal to1 if an individual is
in Treatment ID and0 if she is in Treatment No ID. Beliefs about help give the perceived chance of receiving help. Beliefs about others give the
perceived chance that a randomly selected asker asks. Control variables include gender, age, overcon�dence (Ortoleva and Snowberg, 2015), and
performance in easy logic tasks. We also control for risk-aversion using ORIV method (Gillen et al., 2019). One of the participants in Treatment No
ID retracted their demographic characteristics. Signi�cance levels:� pŸ0.1; �� pŸ0.05;��� pŸ0.01.
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di�erence persists even after controlling for risk aversion and other covariates. On

the one hand, men exhibit a weaker relationship between their beliefs about others

and their own decisions, which may explain the absence of further treatment e�ects

among them: assigning ID numbers to helpers could not reduce an already weak

connection. On the other hand, Croson and Gneezy (2009) show that women are

generally more responsive to experimental interventions. Since assigning uninfor-

mative ID numbers is a subtle manipulation, we consider this sensitivity the most

plausible explanation for the observed gender di�erence.

4 FOLLOW-UP EXPERIMENTS

This section describes the setup and results of the three follow-up experiments

aimed at identifying the mechanism behind the ID e�ect on the frequency of asks.

They were approved by Caltech IRB (IR23-1316A) and pre-registered (AsPredicted

#14470914 and #14544215). We ran the follow-up experiments on the Proli�c online

platform in September 2023. The criteria for the participants were the same as

in the baseline study. In each of the experiments, the participants received a$1

�xed participation payment. Average earnings were$0•39 and$3•62 of askers and

helpers, respectively.

4.1 Exogenous shift inbeliefs about others

As Figure 2.2c and Table 2.1 show,beliefs about others�the perceived chance a

randomly selected asker requests help�are strongly and positively associated with

asking behavior in both treatments. However, the direction of causality between the

two variables remains unclear. On the one hand, higher beliefs about the likelihood

that others will ask may encourage individuals to ask themselves. On the other

hand, individuals who decide to ask may project their own behavior onto others,

thus generating the observed positive correlation. Since our primary interest lies

in the decision-making process, we aim to determine whether higherbeliefs about

otherscausally increase the likelihood of asking.

and resume it in a new session. One of the 200 participants in Treatment No ID retracted their
demographic information. In total, we had 100 women in Treatment ID and 92 women in Treatment
No ID.

14https://aspredicted.org/RFV_PGB
15https://aspredicted.org/V31_SSW
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To address this question, we exogenously increasebeliefs about others. Speci�cally,

in a follow-up experiment, we provide participants in both Treatments ID and No

ID with the following information:

We conducted the same experiment some time ago. More than 2/3 of

the participants asked for help.

This statement is supported by the asking rates observed in the June sessions:76•5%

in baseline Treatment ID and67%in baseline Treatment No ID. We recruited a total

of 480 participants, with the same allocation across treatments as in the baseline

experiment.

The intervention increased the averagebeliefs about othersin Treatment No ID

from 63•56% to 68•16%�a change that is statistically signi�cant at the5% level

(two-sidedC-test). In contrast, in Treatment ID, where the initial average was already

close to2•3, we could not expect much further increase: beliefs rose slightly and

insigni�cantly, from 66•69%to 67•64%.

Figure 2.3 summarizes the average responses. The information intervention sig-

ni�cantly increased the chance of asking in Treatment No ID (by10•5 percentage

points), eliminating the di�erence in asking rates between Treatments ID and No

ID. In Treatment ID, the rate of asking increased by3•5 percentage points after the

intervention, but this change is not statistically signi�cant.Beliefs about helpdid

not change relative to the baseline results and exhibit the same patterns: they are

predictive of the decision to ask in Treatment ID but do not di�er between askers

and non-askers in Treatment No ID. The results of the information intervention

suggest thatbeliefs about othershave a positivecausalimpact on one's own asking

in Treatment No ID.

Result 3. Beliefs about others�that is, the perceived chance others ask�causally

increase asking in Treatment No ID.

Results 1, 2, and 3 can be summarized as follows. When the helper has an ID, the

expected payo� can predict the decision to ask. This is not the case when the helper

does not have an ID: the in�uence of other factors dissolves the correlation between

asking and the expected payo� altogether. One such factor is the belief about the
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Figure 2.3: Average askers' responses after exogenous upward increase inbeliefs
about others

(a) Frequency of asks (b) Beliefs about help

(c) Beliefs about others

Note: This �gure shows the average responses to the primary experimental questions after
they are told that more than two-thirds of the previous responders asked for help. The
head of each sub�gure gives the treatments. Treatment ID is for the askers with identi�ed
helpers, and Treatment No ID is for askers with non-identi�ed helpers. In Figures 2.3b
and 2.3c, the horizontal axes give the subsamples within a treatment: those who ask for
help and those who do not ask. Figure 2.3a gives the average frequencies of asks in both
treatments; the di�erence between the frequencies is insigni�cant. Figure 2.3b gives the
average beliefs about help. The di�erence between those who ask and do not is signi�cant
at 1% level within Treatment ID and not signi�cant at10%level within Treatment ID. The
di�erence between the treatments among those who do not ask has a p-value of0•06, and it
is insigni�cant at10%level among those who ask. Figure 2.3c gives the average perceived
chance that a randomly selected asker asks. The di�erence is insigni�cant at10%level in
Treatment ID and signi�cant at1% level in Treatment No ID. Each treatment is signi�cant
at1%level. The di�erences between the treatments within each decision are not signi�cant
at10%level.
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likelihood that others ask for help�it has a positive and signi�cant e�ect on an

individual's decision to ask.

4.2 Ensuring askers feel anonymous to helpers

We designed the experiment so that any di�erences between treatments would

stem solely from the askers' side. Failing to achieve this would risk confounding

the interpretation of treatment e�ects. For instance, we would have to consider

interpretations ofbeliefs about othersthat go beyond social norms. In Treatment

No ID, it is clear that the helper's decision depends on the probability that a random

asker requests help. In contrast, in Treatment ID, if an asker believes that she is

identi�able to her helper, she may think that the helper's decision depends on the

probability thatthis particular asker requests help.16 If askers in Treatment ID do

not believe they are treated as random individuals, this could o�er an alternative

explanation for whybeliefs about othersare less correlated with asking behavior in

Treatment ID than in Treatment No ID (Table 2.1).

Therefore, we conducted a follow-up experiment to ensure that askers correctly

understood the identi�cation mechanism in the original design. We recruited200

participants to repeat the baseline Treatment ID, with the following clari�cation

added to the instructions:�[Your helper] does not know the ID of the [asker]

they will be matched with!� We found no di�erence between the baseline

Treatment ID and the new data. Thus, we conclude that askers felt anonymous to

their helpers.

In addition, we explored whether askers in Treatment ID distinguished between their

own chance of receiving help and the chance that other askers would receive help.

We ran an experiment identical to the baseline Treatment ID, except that we added

a third belief question in Round 2:�Think about all participants that were

assigned to Group B, not only [your helper]. What is the chance that a

randomly selected participant from Group B agrees to help?� We found that

participants who asked for help were slightly but signi�cantly more optimistic about

their own helper compared to others. We further ran one more session in which

decision-making and belief reports were submitted simultaneously. In this latest

session, we found no di�erence between participants' beliefs about receiving help
16Analogously, a �rm's production decisions di�er when operating in a competitive market versus

as a monopolist.
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themselves and the help others would receive. We interpret the earlier di�erence as

an artifact of having committed to the asking decision before stating beliefs.

This allows us to attribute the observed e�ects of identi�cation to changes in askers'

behavior that are unrelated to any changes in their perceptions of how helpers make

decisions.

5 DISCUSSION AND CONCLUSION

This paper proposes an experiment to examine how a helper's identi�ability a�ects

the likelihood of receiving a request for help. The form of identi�ability we study

is extremely weak: the asker is merely provided with an uninformative ID num-

ber of the helper. Yet, the observed e�ect is substantial both economically and

statistically�when the helper is identi�ed, the probability of an ask increases by

9.5 percentage points.

We also elicit two types of beliefs from receivers: (1) their belief about the likelihood

of receiving help (beliefs about help), and (2) their belief about the likelihood that

a random receiver would ask (beliefs about others). While the chance of asking

should, intuitively, be strongly correlated with thebeliefs about help, we �nd this

relationship only when askers have their helpers identi�ed. If the helpers are

statistical, the relationship between asking andbeliefs about helpis completely

dissolved by other factors to the extent that they are not correlated. We �nd that

beliefs about othersare part these factors: they positively a�ect the chance of asking

while the helpers are statistical.

The reasons suggested to drive the identi�able victim e�ect might o�er insight

into why the dynamic between decisions and beliefs shifts after ID assignments.

Given the inherently social nature ofbeliefs about others, our �ndings align with

the narrative proposed by Small and Loewenstein, 2003, where identi�cation re-

duces social distance. This reduction in social distance is also closely tied to the

well-documented emotional divergence in responses to identi�able versus statistical

victims (S. Lee and Feeley, 2018; Small, 2015, August). Since our results highlight

the centrality ofbeliefs about others, we interpret the weakening of the e�ect as a

consequence of removing ID numbers, which increases the perceived social distance

between the asker and her potential helper. Greater social distance from the helper,

in turn, ampli�es the salience of other askers' behavior, making it a more in�uential

benchmark.
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We conclude that providing even minimal identi�cation of helpers allows askers

to abstract from concerns unrelated to their expected payo��concerns that might

otherwise discourage them from seeking help. In our setting, this led to a higher

frequency of asking. We expect similar e�ects in environments where there is a

strong stigma around asking for help, despite the potential bene�ts to recipients.

Fundraising platforms like GoFundMe may �t this pro�le. Their performance

could potentially be enhanced by revealing limited, non-sensitive information about

donors. Help-seeking might also be promoted in schools and workplaces by empha-

sizing the speci�c people who can be asked. Given that our intervention involved

only a very weak form of identi�ability�uninformative ID numbers�our �ndings

suggest that such positive e�ects can be achieved without compromising the privacy

of helpers.
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B APPENDIX FOR CHAPTER 2

B.1 Askers in the Baseline Experiment

Figure B.1: Distributions of beliefs

(a) Beliefs about receiving help (b) Beliefs about others to ask

Figure B.2: CDFs of askers' beliefs about receiving help

(a) Ask (b) Not ask

Figure B.3: CDFs of askers' beliefs about others to ask

(a) Ask (b) Not ask
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Table B.1: Askers' responses by treatment and decision

Treatment ID Treatment No ID
N Mean SD Median Min Max SE N Mean SD Median Min Max SE

Share of those who decide to ask (%)

Decide to ask 200 76.50 42.51 100 0 100 3.01200 67.00 47.14 100 0 100 3.33

Belief about receiving help (%)

All 200 41.46 25.25 43 0 100 1.79200 42.07 26.05 40 0 100 1.84
Who ask 153 44.43 24.01 50 0 100 1.94134 43.90 23.07 40.5 5 100 1.99
Who don't 47 31.79 26.99 20 0 100 3.94 66 38.35 31.11 30 0 100 3.83

Beliefs about others to ask (%)

All 200 66.69 25.34 74 0 100 1.79200 63.56 27.56 70 0 100 1.95
Who ask 153 70.71 22.80 75 0 100 1.84134 72.53 22.61 80 5 100 1.95
Who don't 47 53.57 28.81 63 0 100 4.20 66 45.33 27.87 50 0 100 3.43
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B.2 Ensuring askers feel anonymous to helpers: Data

One of the follow-up experiment explores the possibility that askers misunderstood

the identi�cation. Small and Loewenstein, 2003 show that assigning an uninfor-

mative ID to the victim in the dictator game increases giving. If the askers in my

study misunderstood that only helpers are identi�ed, the ID e�ect on asking could

be driven by how askers perceive helpers.

We recruited200participants to repeat the baseline Treatment ID with the addition

of the following statement:

[Your helper] does not know theID of the [asker] they will be

matched with!

Figure B.4 reports the results of this treatment, which are not statistically di�erent

from the baseline Treatment ID. Further comparison of distributions of responses

also did not reveal statistically signi�cant di�erences. Therefore, askers did not

perceive helpers di�erently across Treatments ID and No ID.
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Figure B.4: Average askers' responses: Clari�cation treatment

(a) Frequency of asks (b) Beliefs about help

(c) Beliefs about others

Note: This �gure shows the average responses in the follow-up treatment for askers with
ID, who receive clari�cation that their helper does not know their ID. These averages are
denoted as `ID-Clear', and they are depicted along the average responses of askers for the
baseline treatments (`ID' and `No ID'). The average responses for the baseline treatments
are the same as in Figure 2.2 and are given for the comparison only. The head of each
sub�gure gives the treatments. In Figures 2.2b and 2.2c, the horizontal axes give the
subsamples within a treatment: those who ask for help and those who do not ask. Across all
three primary questions, the average responses of the askers in Treatment ID-Clear are not
signi�cantly di�erent from the responses in Treatment ID of the baseline (at10%level). It
suggests that the clari�cation made no e�ect.

In another follow-up experiment, we �rst ran a treatment identically to baseline

Treatment ID except for the new additional question in Round 2:

Think about all participants that were assigned to Group B, not only

[your helper]. What is the chance that a randomly selected participant

from Group B agrees to help?
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We call this session `Beliefs with commitment', because the participants had to sub-

mit their decision about asking for help before reporting their beliefs. We found that

the participants who ask for help are signi�cantly more optimistic about their own

helper than about others (Figure B.5). We then ran the `Beliefs without commit-

ment' session: all experimental questions were on one page. Without commitment,

askers did not believe their helpers's giving to be di�erent from others.

Figure B.5: Average beliefs about help: My helper vs. Random helper

(a) With commitment (b) Without commitment

Note: This �gure shows the average perceived chance of receiving help in the follow-up
treatment for askers with ID. They receive an additional question about the chance a random
helper�not necessarily the one paired with them�agrees to help. Figure B.5a gives the
average beliefs in the session in which the askers could not change their decision to ask or
not after they saw the questions about beliefs. Figure B.5b gives the average beliefs in the
session in which the askers could not change their decision. The head of each sub�gure
gives the question: `3Q:My' is about the helper that the asker is paired with, and `3Q:Other'
is about a random helper. The horizontal axes give the subsamples within a treatment: those
who ask for help and those who do not ask. In the session with commitment to the decision
to ask or not, the di�erence between the questions is signi�cant at5%level among those who
ask for help. This di�erence is not signi�cant at10%level among those who do not ask. At
the same time, in the session without commitment, there are is no signi�cant di�erence in
the average beliefs between the questions within either of these subsamples. The di�erence
between samples for the question about one's own helper is similar to that in the original
sample (see Figure 2.2b): the beliefs are larger among those who ask (with p-value0•07
with commitment and at1%without commitment). The di�erence between samples for the
question about a random helper is not signi�cant at10%either with or without commitment.
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B.3 Helpers

In total, I ran seven identical sessions for helpers: two for the baseline treatment

in June 2023 (80 observations in total) and �ve for the follow-up treatments in

September 2023 (200observations in total). I combined the data within each series

of sessions to show the main characteristics of the responses.

In the baseline experiment (`Jun'), the average rate of help was65%, and in the

follow-up treatments (`Sep') it was75•5%. The di�erence is insigni�cant at5%

signi�cance level (p-value of a two-sided t-test is0•091). This di�erence can be

attributed to chance, especially considering that two out of �ve sessions in September

had helping rates similar to those in June:62•5%and67•5%.

The helpers submitted two kinds of beliefs:

ˆ `Beliefs about being asked': `What is the chance that your counterpart will

ask you for help?'

ˆ `Beliefs about others to help': `Think about all participants that were assigned

to Group B. What is the chance that a randomly selected participant from

Group B agreed to help?'

There is no systematic distinction in the distribution of beliefs between the two

series, which also supports that the di�erence in the frequencies of help is due to

chance.
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Figure B.6: Average helpers' responses

(a) Frequency of help (b) Beliefs about being asked

(c) Beliefs about others to help
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Figure B.7: Distributions of beliefs

(a) Beliefs about being asked (b) Beliefs about others to help

Figure B.8: CDFs of helpers' beliefs about being asked

(a) Among who helps (b) Among who does not help

Figure B.9: CDFs of helpers' beliefs about others to help

(a) Among who helps (b) Among who does not help
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B.4 Instructions of the Baseline Experiment

The instructions begin with a common screen for all participants �STRUCTURE

� that descrives the two groups of participants: Group A and Group B. After this

screen, the instructions are di�erent for three categories of participants: Group A

in Treatment I, Group A in Treatment S, and Group B.

This experiment was part of a larger experiment, and it was Part IV in it. I removed

`Part IV' from the screen titles for clarity. At the beginning of the experiment,

the participants were also explained why they should have submitted their best

assessment when asked about their beliefs. Speci�cally, they were demonstrated

how the binarized scoring rule works. I do not include this part in the instructions.

0. STRUCTURE

This part has2rounds. After completing this part of the experiment, you will receive

$1 in addition to your participation fee. You can also earn a few more dollars as a

bonus. We will refer to it as apotential bonus.

You will be randomly assigned toGroup A or Group B. There will be �ve times

more participants inGroup A than inGroup B. Each participant fromGroup A

will begin this part with a potential bonus of$0“5, and each participant from Group

B will begin with a potential bonus of$6.

CHOOSE YOUR GROUP RAN-

DOMLY

You are inGroup X

GROUP A TREATMENT I

A-ID.1. Your bonus payment for this part

You are inGroup A. You will have a20% chance of being selected to receive a

bonus. If you are selected to receive the bonus, you will be paid your potential bonus

exactly for one of the two rounds, randomly determined. If Round 2 is selected for

a bonus, you will be paid for one randomly selected question out of the two.

Each participant in Group B has a three-digit ID number.

Now one of the participants in group B will be randomly selected as YOUR COUN-

TERPART.
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NEXT

Your counterpart is #100

NEXT

If you are selected to receive the bonus, your choices and your counterpart's choices

will determine your payments. Here is how it works. Exactly �ve participants from

Group A will be assigned the same counterpart from Group B. Then, one out of �ve

members of Group A who have the same counterpart from Group B will be selected

to receive the bonus. Thus, you will have a20%chance of being selected to receive

a bonus, and then #100 makes the decision speci�cally for you.

It is in your best interest to answer every question carefully and in a way

that re�ects what you truly prefer because these answers may determine your

payment in this Part of the experiment.

A-ID.2. Round 1

YOUR INSTRUCTIONS

You begin the experiment with a potential bonus of$0“5. #100 began the experiment

with a potential bonus of$0“5.

Remember that, among all participants in Group B, only#100 can a�ect your

payment! You will ALWAYS learn if #100 decides to help you � we will send you

a message after you complete the study.

You now have an opportunity to ask#100 for help. If you do not ask, your potential

bonus will remain$0“5 and #100's potential bonus will remain$6.

If you ask#100 for help,#100 will decide on both potential bonuses. If #100 agrees

to help, your potential bonus will be$3, and their potential bonus will be$4. If

#100 refuses to help, your potential bonus will be$0, and their potential bonus will

be$6.

Click NEXT to see the instructions that all participants from Group B, including

#100, see.

NEXT
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INSTRUCTIONS FOR GROUP B

You begin this experiment with a potential bonus of$6. Your counterpart begins

the experiment with a potential bonus of$0“5.

Your counterpart can ask you for help or not ask:

If your counterpart does not ask you for help, you keep your potential

bonus of$6, no matter what you choose. They will also keep their

potential bonus of$0“5.

If your counterpart asks you for help, you get to decide on both bonuses.

If you help, you will get a potential bonus of$4, and they will get a

potential bonus of$3. If you do not help, you will get a potential bonus

of $6, and they will get a potential bonus of$0.

Question:

Will you ask #100 for help?

ˆ Yes, I will ask.

ˆ No, I will not ask.

NEXT

A-No-ID.3. Round 2

In this round, you will evaluate some chances. If you are selected to receive a bonus,

and Round 2 is chosen for the bonus payment, you may receive$3 depending on

your answers below. Remember, the questions are designed so that your highest

chance of receiving$3 is achieved when you stateyour best assessmentin each

question.

Below werepeat the instructions from the previous round. Click NEXT to proceed

to the questions.
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YOUR INSTRUCTIONS

You begin the experiment with a potential bonus of$0“5. #100 began the experiment

with a potential bonus of$0“5.

Remember that, among all participants in Group B, only#100 can a�ect your pay-

ment! You will ALWAYS learn if #100 decides to help you � we will send you a

message after you complete the study.

You now have an opportunity to ask#100 for help. If you do not ask, your potential

bonus will remain$0“5 and #100's potential bonus will remain$6.

If you ask#100 for help,#100 will decide on both potential bonuses. If #100 agrees

to help, your potential bonus will be$3, and their potential bonus will be$4. If #100

refuses to help, your potential bonus will be$0, and their potential bonus will be$6.

Click NEXT to see the instructions that all participants from Group B, including

#100, see.

NEXT

INSTRUCTIONS FOR GROUP B

You begin this experiment with a potential bonus of$6. Your counterpart begins

the experiment with a potential bonus of$0“5.

Your counterpart can ask you for help or not ask:

If your counterpart does not ask you for help, you keep your potential

bonus of$6, no matter what you choose. They will also keep their

potential bonus of$0“5.

If your counterpart asks you for help, you get to decide on both bonuses.

If you help, you will get a potential bonus of$4, and they will get a

potential bonus of$3. If you do not help, you will get a potential bonus

of $6, and they will get a potential bonus of$0.

Question 1: What is the chance that #100 agrees to help?

�����- % SLIDER �����-

Question 2: Think about all participants that were assigned to Group A. What is

the chance that a randomly selected participant from Group A asked for help?

�����- % SLIDER �����-

NEXT



92

GROUP A TREATMENT S

A-No-ID.1. Your bonus payment for this part

You are inGroup A. You will have a20% chance of being selected to receive a

bonus. If you are selected to receive the bonus, you will be paid your potential bonus

exactly for one of the two rounds, randomly determined. If Round 2 is selected for

a bonus, you will be paid for one randomly selected question out of the two.

Each participant in Group B has a three-digit ID number. If you are selected to

receive the bonus, the computer will select your counterpart from Group Bafter

you complete the study.

If you are selected to receive the bonus, your choices and your counterpart's choices

will determine your payments. Here is how it works. One of �ve participants from

Group A will be selected to receive the bonus and then matched to their counterpart

from Group B. Thus, you will have a20%chance of being selected for receiving a

bonus, and any of the participants from Group B can a�ect your payment.

It is in your best interest to answer every question carefully and in a way

that re�ects what you truly prefer because these answers may determine your

payment in this Part of the experiment.

A-No-ID.2. Round 1

YOUR INSTRUCTIONS

You begin the experiment with a potential bonus of$0“5. All participants in Group

B began the experiment with a potential bonus of$6.

Remember thatany of the participants in Group B can a�ect your payment!

You will ALWAYS learn if a random participant from Group B decides to help �

we will send you a message after you complete the study.

You now have an opportunity to ask for help. If you do not ask, your potential bonus

will remain$0“5. After you complete the study, the computer willrandomly choose

a participant in Group B for their potential bonus to remain$6.

If you ask for help, after you complete the study, the computer willrandomly choose

a counterpart for you. The decision of the counterpart will determine potential

bonuses for you both. If they agree to help, your potential bonus will be$3, and

their potential bonus will be$4. If they refuse to help, you will get a potential bonus

of $0, and their potential bonus will remain$6.
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Click NEXT to see the instructions which any participant from Group B see.

NEXT

INSTRUCTIONS FOR GROUP B

You begin this experiment with a potential bonus of$6. Your counterpart begins

the experiment with a potential bonus of$0“5.

Your counterpart can ask you for help or not ask:

If your counterpart does not ask you for help, you keep your potential

bonus of$6, no matter what you choose. They will also keep their

potential bonus of$0“5.

If your counterpart asks you for help, you get to decide on both bonuses.

If you help, you will get a potential bonus of$4, and they will get a

potential bonus of$3. If you do not help, you will get a potential bonus

of $6, and they will get a potential bonus of$0.

Question:

Will you ask for help?

ˆ Yes, I will ask.

ˆ No, I will not ask.

NEXT

A-No-ID.3. Round 2

In this round, you will evaluate some chances. If you are selected to receive a bonus,

and Round 2 is chosen for the bonus payment, you may receive$3 depending on

your answers below. Remember, the questions are designed so that your highest

chance of receiving$3 is achieved when you stateyour best assessmentin each

question.

Below werepeat the instructions from the previous round. Click NEXT to proceed

to the questions.
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YOUR INSTRUCTIONS

You begin the experiment with a potential bonus of$0“5. All participants in Group

B began the experiment with a potential bonus of$6.

Remember thatany of the participants in Group B can a�ect your payment! You

will ALWAYS learn if a random participant from Group B decides to help � we will

send you a message after you complete the study.

You now have an opportunity to ask for help. If you do not ask, your potential bonus

will remain $0“5. After you complete the study, the computer willrandomly choose

a participant in Group B for their potential bonus to remain$6.

If you ask for help, after you complete the study, the computer willrandomly choose a

counterpart for you. The decision of the counterpart will determine potential bonuses

for you both. If they agree to help, your potential bonus will be$3, and their potential

bonus will be$4. If they refuse to help, you will get a potential bonus of$0, and

their potential bonus will remain$6.

Below are the instructions that all participants from Group B see.

NEXT

INSTRUCTIONS FOR GROUP B

You begin this experiment with a potential bonus of$6. Your counterpart begins

the experiment with a potential bonus of$0“5.

Your counterpart can ask you for help or not ask:

If your counterpart does not ask you for help, you keep your potential

bonus of$6, no matter what you choose. They will also keep their

potential bonus of$0“5.

If your counterpart asks you for help, you get to decide on both bonuses.

If you help, you will get a potential bonus of$4, and they will get a

potential bonus of$3. If you do not help, you will get a potential bonus

of $6, and they will get a potential bonus of$0.

Question 1: What is the chance that your counterpart agrees to help?

�����- % SLIDER �����-

Question 2: Think about all participants that were assigned to Group A. What is

the chance that a randomly selected participant from Group A asked for help?

�����- % SLIDER �����-
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NEXT

GROUP B (BOTH TREATMENTS)

A-ID.1. Your bonus payment for this part

This part has two rounds: Round 1 has one question, and Round 2 has two questions.

You will be paid your potential bonus exactly for one of the two rounds, randomly

determined. If Round 2 is selected for a bonus, you will be paid for one randomly

selected question out of the two.

It is in your best interest to answer every question carefully and in a way

that re�ects what you truly prefer because these answers may determine your

payment in this Part of the experiment.

B.2. Round 1

You will be randomly matched with a participant from Group A. We will call

this participantyour counterpart . You will have an opportunity to help your

counterpart if they ask you. Before making their decision, your counterpart learns

the information given to you.

YOUR INFORMATION

You begin this experiment with a potential bonus of$6. Your counterpart begins

the experiment with a potential bonus of$0“5.

Your counterpart can ask you for help or not ask:

If your counterpart does not ask you for help, you keep your potential

bonus of$6, no matter what you choose. They will also keep their

potential bonus of$0“5.

If your counterpart asks you for help, you get to decide on both bonuses.

If you help, you will get a potential bonus of$4, and they will get a

potential bonus of$3. If you do not help, you will get a potential bonus

of $6, and they will get a potential bonus of$0.

Click NEXT to make your choice.
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NEXT
Question:

Will you help your counterpart if they ask you?

ˆ Yes, I will help.

ˆ No, I will not help.

B.3. Round 2

In this round, you will evaluate some chances. As before, the questions are designed

so that your highest chance of getting the bonus is achieved when you stateyour

best assessment! Your potential bonus for this round will be$3.

Below werepeat the instructions from the previous round. Click NEXT to proceed

to the questions.

YOUR INFORMATION

You begin this experiment with a potential bonus of$6. Your counterpart begins

the experiment with a potential bonus of$0“5.

Your counterpart can ask you for help or not ask:

If your counterpart does not ask you for help, you keep your potential

bonus of$6, no matter what you choose. They will also keep their

potential bonus of$0“5.

If your counterpart asks you for help, you get to decide on both bonuses.

If you help, you will get a potential bonus of$4, and they will get a

potential bonus of$3. If you do not help, you will get a potential bonus

of $6, and they will get a potential bonus of$0.

Question 1: What is the chance that your counterpart will ask you for help?

�����- % SLIDER �����-

Question 2: Think about all participants that were assigned to Group B. What is

the chance that a randomly selected participant from Group B agreed to help?

�����- % SLIDER �����-

NEXT
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C h a p t e r 3

BELIEFS OF OTHERS: AN EXPERIMENT

1 INTRODUCTION

Information plays a pivotal role in strategic settings. New evidence compels people

to revise their beliefs and adjust their actions accordingly. As a result, people care

not only about their own beliefs but also about the beliefs of others, which are

shaped by the information others observe. This is true in games with asymmetric

information (Spence, 1973), coordination games (Morris and Shin, 2002), social

learning settings (Bikhchandani et al., 2024), and global games (Carlsson and van

Damme, 1993) among others. In all these environments, one's strategic incentives

depend on how one expects new evidence to a�ect other players' beliefs.1

Much is known about how people update their own beliefs in response to new

evidence (we survey this literature in Section 1.1). At the same time, little is known

about how people think others update their beliefs. This is the focus of our paper.

We study how second-order beliefs respond to information, i.e., how people think

others update their beliefs when those others encounter new evidence. As argued

above, this is a necessary building block of many strategic interactions, which makes

this question particularly suitable for experimental investigation.

We conduct a series of experiments and empirically document how people think

others revise their beliefs and how that relates to people's own belief updating

process. Our study examines participants' genuine, home-grown beliefs about

various factual statements�some neutral and rooted in general knowledge, while

others politically charged. To simplify the exposition, throughout the paper, we refer

to two players, Anne and Bob. Anne is tasked with predicting Bob's beliefs. In all

treatments, Anne knows Bob's prior and the accuracy of the information structure

from which Bob receives his signals. However, in some treatments, Anne directly

observes the signal realization Bob receives, while in others, she does not. We refer

to the former scenario asBob's conditional posteriorand the latter asBob's expected
1In equilibrium, people are expected to predict correctly others' revised beliefs and their actions.
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posterior.2–3

Our experimental design is inspired by the recent work of Navin Kartik et al.,

2021 and, more broadly, by the principles of Bayesian updating. According to this

theory, Anne's beliefs about Bob's conditional posterior should be independent of

her own prior beliefs; it should only depend on Bob's prior and signal precision. The

predictions about Bob's expected posterior are more nuanced. If Anne and Bob share

the same prior, Bob's expected posterior should be the same as Bob's and Anne's

priors. This prediction is a fundamental property of Bayesian updating: beliefs

are Martingale, meaning that new information cannot systematically alter beliefs in

any direction. However, if Anne and Bob have di�erent priors, Navin Kartik et al.,

2021 show that any new information will shift Bob's expected posterior closer to

Anne's prior, with the gap between the two narrowing as the signal becomes more

accurate. This theoretical result is known as information validates prior (IVP).4

Motivated by these theoretical predictions, our experiment features variation in the

distance between Anne's and Bob's priors and information structures with di�erent

accuracies.

We �nd strong support for the Martingale property: regardless of signal precision,

when Anne and Bob share the same prior, Anne believes that Bob's expected

posterior will be equal to his prior. Regarding the IVP property, we �nd partial

support. In line with the IVP, Anne believes thatanynew evidence will decrease the

disagreement between them, shifting Bob's expected posterior closer to her prior.

This is true for all statements, including the politically charged ones. However, more

precise information structures only marginally enhance this e�ect. We do observe a

signi�cant di�erence in the e�ectiveness of a more precise information structure for

neutral statements when Anne's initial beliefs di�er greatly from Bob's and when
2The two scenarios capture distinct but common situations. Imagine a friend who tells you the

piece of news he read today. You are trying to predict how his prior beliefs would change in light of
this news. This is predicting someone's conditional posterior. Alternatively, imagine a situation in
which you are advising your friend to watch some news channel tonight, and, beforehand, trying to
predict how that would change his beliefs. This is predicting someone's average posterior.

3We use the terms information structure accuracy, signal precision, and information quality
interchangeably.

4These results hold in settings that satisfy standard ordering assumptions: the priors must be
likelihood-ratio ordered, and the signal structures from which Bob draws new evidence must satisfy
the monotone likelihood-ratio property. When the state is binary, as in our experiment, these
assumptions are nonrestrictive. Moreover, for the binary state, the IVP property is equivalent to the
result obtained in Francetich and Kreps, 2014, according to which conditional on the event being
true, the expected posterior is bigger than the prior. However, as discussed in Navin Kartik et al.,
2021, neither of the two results (Navin Kartik et al., 2021 and Francetich and Kreps, 2014) nests
each other in a more general setting beyond binary signals.
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Anne holds relatively extreme priors herself. Otherwise, Anne expects Bob's beliefs

to be fairly rigid and not responsive to the quality of information he samples from,

diverging from what Bayesian theory predicts.

To understand why Anne's beliefs about Bob's expected posteriors are less respon-

sive to the information quality than expected, we study three elements that jointly

determine expected posteriors. The �rst element is how Anne updates her own

beliefs. In line with previous literature, we �nd that Anne tends to underinfer both

from her prior and from new evidence. This underinference results in less responsive

(�atter) than Bayesian posteriors and it is stronger for politically charged statements.

Moreover, we present a novel �nding indicating that corner beliefs are not as rigid

and degenerate, as previously thought; Anne is willing to revise these beliefs when

confronted with contradictory evidence.

The second element concerns Anne's beliefs about Bob's conditional posteriors �

how she expects Bob to update his prior when she observes the signal he receives.

Our �ndings reveal that Anne tends to project her own belief-updating process onto

Bob. She believes that Bob underinfers both from his prior and from new evidence.

Notably, Anne thinks Bob underinfers from his priormore than she doeswhen up-

dating her own beliefs. For political statements, Anne expects that new information

will have little e�ect on Bob's priors. Similar to her own corner priors, Anne thinks

that Bob's corner priors can shift when faced with contradictory evidence. Overall,

these patterns lead to Bob's conditional posteriors being �atter than Bayesian ones,

showing less sensitivity to changes in Anne's prior and remaining relatively similar

regardless of the quality of the information he consumes � this constitutes the �rst

"�attening" e�ect.

The third element shaping Bob's expected posterior is the signal distribution, which

determines how Bob's conditional posteriors are weighted in the expected value.

Compared to the Bayesian benchmark, Anne expects the signal frequencies to be

less responsive to both her own prior and the quality of the information Bob receives

� this constitutes the second "�attening" e�ect.

The two "�attening" e�ects operate in the same direction, collectively making Bob's

expected posteriors quite rigid and less responsive to the quality of information he

consumes relative to what Bayesian theory predicts. This �nding is important as

it underscores the limited impact of information in altering perceptions of others'

beliefs, and consequently in�uencing their behavior. Given that information plays

a vital role in economic settings, particularly as a tool for policy interventions, this
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result challenges the presumption of its e�cacy in driving collective action.

In our analysis, we use a combination of reduced-form analysis and structural

estimations.5 Many of the results discussed above are evident from the raw data

without the need for a behavioral model. However, the structural approach provides

a parsimonious framework to capture observed patterns and allows us to conduct

counterfactual exercises, which often require extrapolation beyond the parameters

directly observed in the experimental data.

In the �rst structural exercise, we compare the magnitudes of two "�attening" e�ects

and �nd that Bob's non-responsiveness to information quality relative to the Bayesian

benchmark is primarily due to a lack of sensitivity in his conditional posteriors to

the quality of the information, rather than a �attening in signal frequencies. In the

second structural exercise, we assess the magnitude of Anne's mistakes in predicting

Bob's expected posteriors, comparing them to theactual average Bob's posteriors.6

By and large, the mistakes are quite small indicating that Anne is remarkably good

at predicting Bob's average posteriors. The largest mistakes she makes pertain to

situations in which her own and Bob's priors are extreme and are on di�erent sides

of the spectrum. In these cases, Anne overestimates how much information will shift

Bob's opinions toward her own. This result stems from Anne predicting that Bob

underinfers from his prior to a larger extent than he actually does. This highlights the

challenge of predicting how others respond to new information, particularly when

strong and polarized opinions are involved.

Our �ndings extend beyond the settings discussed at the beginning of the intro-

duction and o�er broader insights into societal polarization. A substantial body of

research in Political Science and Economics has focused on the drivers of polar-

ization in the United States, which has deepened over recent decades, and explored

potential solutions to mitigate it (McCarthy, 2019; McCarthy et al., 2006). The

mere abundance of news sources, many of which exhibit some degree of political

bias, does not alleviate polarization (Azzimonti and Fernandes, 2023; DellaVigna

and Kaplan, 2007; Martin and Yurukoglu, 2017). Individuals tend to select infor-
5We explore several prominent models from the literature and �nd that the model proposed by

Grether, 1980 o�ers the best �t to our data, achieving this with the fewest parameters compared to
alternatives. Other models we estimate include the social exchange model of Yuksel and Oprea, 2022,
Woodford, 2020's model of cognitive imprecision, and the base-rate neglect model (see chapter 6 in
Benjamin, 2019 survey for the evidence and theoretical underpinning of this phenomenon). Notably,
the social exchange model of Yuksel and Oprea, 2022 allows Anne to update her belief upon learning
Bob's prior. This possibility, however, does not alter the main results of the paper.

6This is di�erent from the previous analysis, in which we took Bayesian prediction as a benchmark
against which to compare Anne's predictions of Bob's average opinions after obtaining new evidence.
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mation sources aligned with their pre-existing beliefs (Garrett, 2009; Stroud, 2010),

reinforcing their prior convictions when consuming such content, in line with the

martingale property of beliefs. A natural question arises: what if individuals were

exposed to news from opposing political perspectives, such as Democrats reading

Republican-aligned news? According to the IVP property, each group will have an

incentive to invest in informing the other, so that the other begins to share its per-

spective. However, our results challenge this approach, showing that while exposure

to di�erent viewpoints does shift expectations about others' beliefs, the change is

modest, una�ected by the quality of the news source, and people generally recognize

its limited potential to reduce polarization.

1.1 Connection to the Literature

Information design. As discussed in the introduction, our experiment builds on

the �ndings of Navin Kartik et al., 2021, which contribute to the extensive theoretical

literature on information design. While we do not aim to provide a comprehensive

review of this literature, we want to highlight a few studies that explore strategic

communication in environments with heterogeneous priors. For example, Hirsch,

2016 examines a model in which a principal and an agent share common goals

but hold heterogeneous prior beliefs about which policy is most e�ective. This

disagreement complicates the agent's motivation but can be alleviated through policy

experimentation and observing outcomes. Alonso and Camara, 2016 considers a

setting where the sender and receiver have di�ering prior beliefs, and the sender

designs an experiment to persuade the receiver. The authors characterize the set

of posterior belief distributions that can be induced by such experiments in setup

with �exible information structure, i.e., no standard ordering assumptions, and

identify necessary and su�cient conditions under which persuasion bene�ts the

sender. Che and N. Kartik, 2009 investigate a game in which a decision-maker

consults an adviser before making a decision. The adviser can exert costly e�ort to

obtain a signal about the state and communicate this information to the decision-

maker. Although both parties care about the state, their di�ering prior beliefs create

a tension: these di�erences incentivize information acquisition but simultaneously

lead to information loss through strategic communication. In all these papers, agents

must form beliefs about how others, who may hold di�erent priors, update their

beliefs when new evidence arrives�a process which we investigate experimentally

in our study.
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First-order beliefs. In recent decades, we have learned a lot about how people

update their beliefs upon encountering new evidence. Benjamin, 2019 provides an

excellent and comprehensive review of empirical research from both Economics and

Psychology, identifying consistent patterns and notable deviations from Bayesian

theory. While some �ndings support Bayesian predictions, others highlight system-

atic discrepancies. Recent contributions to the �eld include Esponda et al., 2023,

Augenblick et al., 2024, Ba et al., 2023, Gneezy et al., 2023, Enke and Graeber,

2023, and Marina Agranov and Reshidi, 2024 among others. By and large, this

literature �nds that while belief revisions generally follow the direction predicted by

Bayesian theory, the magnitude of these revisions often deviates from the expected

levels.

Most studies in this branch of literature employ neutral contexts and induce partici-

pants' priors to establish a controlled baseline for initial beliefs. A notable exception

is the recent study by Thaler, 2024, which elicits participants' genuine beliefs on

politically charged topics such as crime, climate change, gun control, and racial

discrimination. This study �nds that individuals distort new information in favor

of their pre-existing views, consistent with motivated reasoning mechanisms. Its

design elegantly di�erentiates this explanation from Bayesian updating motives.

Like Thaler, 2024, we use genuine beliefs in our experiment but pursue a di�erent

research question focusing on how people think others revise their genuine beliefs

upon receiving new information.

Higher-order beliefs. Our paper contributes to a growing experimental literature

that studies higher-order beliefs and higher-order rationality. Most of this literature

focuses on strategic settings: higher-order beliefs play an important role in these

settings as they a�ect what actions players take.7 For instance, Manski and Neri,

2013 elicit the subjects' �rst- and second-order beliefs in the Hide-and-Seek game

and examine the coherence between these beliefs and actions. The results show

remarkable consistency: observed choices are optimal given �rst-order beliefs in

89% of the time and in 75% of the time given second-order beliefs. P. J. Healy,

2024 elicits participants' preferences over game outcomes, their strategies, as well

as �rst- and second-order beliefs in a series of classical games, including Prisoners'
7There are several excellent surveys of belief elicitation in experiments including Trevino and

Schotter, 2014, Charness, Gneezy, and Rasocha, 2014, Schlag et al., 2015, and P. Healy and Leo,
2024. The survey of Trevino and Schotter, 2014 provides a detailed discussion of elicitation methods
used to recover second-order beliefs.
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Dilemma and the Centipede game. The data reveals heterogeneity in participants'

preferences, which are not captured by game payo�s, but this heterogeneity only

partially explains the gap between participants' beliefs and their own actions. Terri

Kneeland, 2015 studies the Ring Games and demonstrates that over 70% of players

are both rational and believe in others' rationality, though this decreases for higher-

order beliefs. Friedenberg and T. Kneeland, 2024 extend this work to distinguish

between players who have limited reasoning abilities and those who can reason

iteratively but have limited belief in others' rationality and �nd that over 60% of

participants engage in strategic reasoning beyond basic rationality. Calford and

Chakraborty, 2023 show that the discrepancies in one's belief about an opponent

and one's beliefs about others' beliefs about that opponent a�ect deviations from

subgame perfection in a sequential social dilemma. Szkup and Trevino, 2020 infer

how people think others update their beliefs in a coordination game with incomplete

information, i.e., the global game.

Another class of games in which second-order beliefs are crucial is psychological

games. In these games players' payo�s depend not only on material payo�s but also

on the �rst-, second-, and possible higher-order beliefs about one's opponent. For

instance, Dufwenberg and Gneezy, 2000 elicit players' �rst- and second-order beliefs

in the Lost Wallet game, Charness and Dufwenberg, 2006 do so in the Trust Game,

and M. Agranov et al., 2024 do so in an extended version of the sender-receiver

game.

Some of the papers discussed above infer second-order beliefs from participants' ac-

tions and participants' beliefs about others' actions, while others elicit second-order

beliefs directly. Our paper uses the latter approach and elicits second-order beliefs

directly without relying on inference techniques. However, di�erent from this liter-

ature, we deliberately focus on a non-strategic environment (no interdependence),

which provides a clean free-from-strategic-considerations play�eld to document

how people think others revise their beliefs in response to new information.

The two closely related yet distinct studies are Evdokimov and Garfagnini, 2022

and Trujano-Ochoa, 2024. Evdokimov and Garfagnini, 2022 investigate higher-

order beliefs in a three-player game where participants receive either private or

public signals about the state. Player 1 reports his beliefs, Player 2 reports second-

order beliefs, and Player 3 reports third-order beliefs. The authors �nd that belief

updating is slower with private information, and higher-order learning often fails.

In contrast, we test key Bayesian properties�speci�cally, the Martingale and IVP
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properties�and focus on how second-order beliefs respond to new information.

Similar to our motivation, Trujano-Ochoa, 2024 explores how people expect others

to update their beliefs. His focus is on establishing to what extent people consider

the biases of others when updating their beliefs and on information acquisition

patterns.8

Finally, our paper relates to a small experimental literature that studies whether

people anticipate the biases of others. The recent paper by Danz, Madarasz, and

Wang, 2024 studies the relationship between the extent to which one projects her

information onto others and the extent to which one anticipates but underestimates

the projection of others onto her as predicted by the behavioral model of Madarasz,

2016. The results show strong support for the projection equilibrium model. Fedyk,

2024 �nds that individuals exhibit substantial sophistication regarding the present

bias of others, while being mostly naive about their own.

The rest of the paper is structured as follows. We present the conceptual framework

in Section 2. Section 3 describes our experimental design and the experimental

procedures. Section 4 presents reduced-form evidence on Martingale and IVP

properties. Section 5 utilizes all conducted treatments to unpack the aggregate

results presented in the previous section. Section 6 o�ers some conclusions.

2 Conceptual Framework

Consider a standard belief-updating task with a binary statel 2 f 0–1g. There are

two decision-makers, Anne and Bob, who may have the same or di�erent priors

about the state. We denote by00 and10 the prior of Anne and Bob, respectively.

These priors indicate the probability that the state isl = 1 according to each of the

two decision-makers. Bob receives a partially informative signalBand updates his

beliefs about the state. We denote by1BBob's posterior belief after observing signal

Band refer to it asBob's conditional posterior. The signals are also binary and have

accuracy\ . The accuracy of a signal indicates the likelihood that the signal matches

the state conditional on the state, i.e.,\ = Pr»B= l jl ¼.

Anne knows both Bob's prior and signal accuracy, and she is tasked with predicting

Bob's average posterior after he receives a signal. The challenge arises because
8This work is still in progress. The preliminary draft we have access to suggests that, on average,

people expect others to update in a similar manner to themselves. However, they show a signi�cantly
lower willingness to pay when others' strategies are implemented on their behalf. This latter �nding is
consistent with an expectation that others are more conservative in updating than they are themselves.
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Anne does not observe the signal Bob receives; instead, she must weigh Bob's

conditional posteriors according to the likelihood of the signals. We call this object

Bob's expected posterior, and denote it byE»1¼. If Anne is Bayesian and expects

Bob to be Bayesian, then

E»1¼= Pr»B= 1¼ �1B=1 ¸ Pr»B= 0¼ �1B=0– (3.1)

where

1B=1 =
10\

10\ ¸ ¹ 1 � 10º¹1 � \ º
, 1B=0 =

10¹1 � \ º
10¹1 � \ º ¸ ¹ 1 � 10º\

,

Pr»B= 1¼= 00\ ¸ ¹ 1 � 0>º¹1 � \ º , and Pr»B= 1¼= 1 � Pr»B= 0¼.

In words, Anne expects Bob's prior10 to in�uence how Bob updates his beliefs for

a given signal, while her own prior00 to determine the signal frequencies. It is easy

to see that when Anne and Bob share the same prior, we recover the fundamental

property of Bayesian updating: beliefs areMartingale, i.e., information cannot

systematically bias beliefs in any direction. This means that Anne's belief about

Bob's expected posterior, which is the same as her own posterior belief would be,

should be equal to her and his prior.

When Anne and Bob have di�erent priors the situation changes andanyinformation

is predicted to move Bob's expected posterior closer to Anne's prior. The recent

paper by Navin Kartik et al., 2021 shows that Anne expects a Blackwell more

informative signal to bring Bob's expected posterior closer to her own prior. To

translate this to our setting, say, Bob has access to two information structures that

only di�er in signal accuracy, i.e.,1 ¡ \ 1 ¡ \ 2 ¡ 1
2. Then, Anne expects that both

signal structures will move Bob's average posterior closer to her prior compared to

what Bob's original prior was. Moreover, she anticipates that the structure with more

precise signals, i.e.,\ 1, will result in a larger shift and a smaller �nal disagreement

between Anne's prior and Bob's expected posterior.

This result is known as theInformation Validates Prior (IVP)property. As we

argued in the introduction, its signi�cance is broad, spanning many strategic settings

studied in Economics and Political Science. It is precisely this result that we set out

to investigate empirically in our paper.

3 Experimental Design

Given our interest in how participants think others update their beliefs when they

may have potentially di�erent priors we chose to work with genuine, home-grown
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beliefs participants have about various facts. In the next section, we discuss the

advantages and disadvantages of using this method compared to induced beliefs.

Speci�cally, we used twelve factual statements in the experiment. Each statement

is either true or false. Participants know that the experimenter knows whether

the statement is true or false, but naturally may hold di�erent beliefs about the

probability that a statement is true. Here are two examples of such statements9:

ˆ In 2023, the United States spent more than 10% of the federal budget on

foreign aid.

ˆ Rhino horn is made up of keratin�the same protein which forms the basis of

our hair and nails.

Treatments. The experiment consists of three main treatments. Treatment T0

is the benchmark treatment, in which we document how people update their own

beliefs in response to new information. The purpose of treatment T1 is to study

how Anne thinks Bob updates his beliefs when she knows Bob's signal, i.e., Anne's

beliefs about Bob's conditional posteriors. Finally, the purpose of treatment T2 is

to study Anne's beliefs about Bob's expected posterior, i.e., the situation in which

Anne does not observe Bob's signal.

Structure of the experiment. Each treatment consists of three parts. Participants

receive the instructions for the next part after they complete the previous one.

Instructions before each part include a comprehension quiz to check participants'

understanding and focus their attention on the main features of the experiment. The

instructions and the screenshots are presented in the Online Appendix.

Part 1 consists of six rounds and is the same in all treatments. In each round,

we present participants with one of the statements and elicit their priors about the

chance that the statement is true. We then provide participants with a partially

informative signal about the correctness of the statement and elicit their posterior

about the chance that the statement is true. Signals are generated from two signal

structures: a more precise one with\ 1 = 0•90and a less precise one with\ 2 = 0•65.

One of these two structures is randomly selected in each round, and a participant
9Figures C.1 and C.2 in the Appendix present all statements used in the experiment and the

visualization used alongside the statements.



107

knows signal accuracy when she makes her choices. We will use these two signal

structures to investigate the IVP property which requires comparing the more- and

the less-precise information structures. Participants receive no feedback at the end

of each round in Part 1. After completing a round, they move on to the next one and

are shown the next statement.

Part 2 consists of six rounds as well and is di�erent in each treatment. In T0, Part 2 is

the same as Part 1. That is, participants go through another set of 6 statements, report

their priors, observe signals, and report their posteriors. A key reason for collecting

extensive data on participants' own belief updating is to calculate participants'

payments in treatments T1 and T2. This requires observing posteriors for each

statement across di�erent signal realizations within various signal structures, which

is what we do in T0. We conducted T0 a few days prior to the other treatments to

ensure this data would be available for payment calculations.

Part 2 in the remaining two treatments is slightly di�erent. In each round, par-

ticipants start by observing a statement and reporting their prior. Then, they are

matched with past participants from T0 and observe the past participants' prior for

the same statement and signal accuracy. Participants in T1 also observe the signal

realization received by the past participants, while in T2, no such information is

provided. In both treatments, after observing the information, participants are asked

to guess the posterior reported by these past participants.10

The last part, Part 3, consists of just one round and was administered only to

participants who reported a corner prior for one of the statements. If such an event

happened, then one of the questions for which a corner prior was reported was

chosen and a participant was o�ered a choice between a very risky bet and a safe

payment of $10. The risky bet pays $11 in case the reported prior is correct and

$0 if it is wrong. The goal of this �nal (surprise) round was to gauge how much

faith people have in their corner beliefs when they report them. Risking losing $10

makes sense only if one has little doubt in the reported belief.

At the end of the experiment, participants answered a few unincentivized questions

about the di�culty of the experiment. In addition, following McGranaghan et al.,

2024, every three rounds, we presented participants with an unincentivized visual

brain break to reduce fatigue (see an example in the Online Appendix).
10We refer the reader to the Online Appendix for the screenshots detailing the language used to

explain these tasks to participants.
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Order of statements. Since all rounds are the same in Parts 1 and 2 in T0, the

order of statements was randomized across participants in this treatment. For T1

and T2, we split the statements into two batches (batch A consists of statements 1

to 6 and batch B consists of statements 7 to 12). We, then, conducted two versions

of each treatment: T1A and T2A used batch A in Part 1 and batch B in Part 2, and

T1B and T2B used batch B in Part 1 and batch A in Part 2. Within each part, the

order of statements was randomized across participants.11

Parameters. Testing the IVP and the Martingale properties requires a varia-

tion in Anne and Bob's priors, capturing both similar and distinct priors be-

tween the two and spanning a wide range of possible priors. To do so, we

match T1 and T2 participants with T0 participants with six pre-selected priors,

10 2 f0•10–0•20–0•60–0–70–0•90–1•00g.12 For each prior10, we selected two

statements that had a su�cient number of participants reporting such a prior in T0

and providing us with posterior beliefs of past participants (participants in T0) for

each signal realization and each signal accuracy. As described above, such data is

necessary for computing the payments of participants in T1 and T2.13

Subject pool. The experiments were conducted on the Proli�c platform in January

2024 with roughly 200 participants in each treatment, for a total of 603 participants.

We recruited participants between the ages of 21 and 65, who live in the United

States, specify English as their �rst language, and have a high (90+) approval rating

on Proli�c. For each treatment, an equal number of men and women were recruited.

Participants' payments. All participants received a �xed payment upon comple-

tion: $3 in the T0 and $4 in the T1 and T2 treatments.14 In addition, each participant

had a 20% chance to be selected into a bonus group. For the selected participants, the

computer randomly chose one of the questions from one randomly selected round

for payment. The answer submitted in the chosen question determined whether
11This design mitigates the concern that some of the patterns we �nd in the data are driven by

speci�c statements people saw in one part of the experiment.
12Figures C.1 and C.2 in Appendix present the distribution of priors elicited from participants in

T0 and indicate which prior was used as past participants' priors in T1 and T2.
13An alternative design would be to match participants from T1 and T2 randomly with past

participants from T0. The drawback of this design is that an even larger amount of data is required
for T0 to ensure that all signal realizations occur for both signal structures and all priors of past
participants, some of which are naturally quite rare.

14These completion fees are standard, given the average time it takes to complete each treatment.
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the selected participant received an additional bonus of $10. We used the standard

BDM method to incentivize subjects to truthfully state their beliefs.15 In addition,

in each treatment, we randomly selected eight participants to receive an additional

bonus based on their decisions in Part 3 (the corner beliefs). Treatment T0 lasted

about 16 minutes and participants earned, on average, $4. Treatments T1 and T2

lasted about 20 minutes and participants earned, on average, $5.

Implementation. The experiment was approved by Caltech (IR21-1179) and pre-

registered on aspredicted.org (#158497).16 The experimental software was pro-

grammed in Qualtrics. Instructions and screenshots of the interface are presented

in the Online Appendix. Table 3.1 summarizes the details of all three treatments.

Table 3.1: Design

Part 1 Part 2 Part 3
Treatment own beliefs others' beliefs corner beliefs Nb participants

6 rounds 6 rounds at most 1 round
elicit own prior own prior

T0 observe signal acc., signal signal acc., signal risky bet 201
report own posterior own posterior
elicit own prior own prior

T1 observe signal acc., signal other's prior, signal acc., signal risky bet 198
report own posterior other's conditional posterior
elicit own prior own prior

T2 observe signal acc., signal others' prior, signal acc. risky bet 202
report own posterior others' expected posterior

3.1 Discussion of Experimental Design

In this section, we discuss the rationale behind our key design choice of using

genuine, homegrown beliefs instead of inducing beliefs in a neutral context.
15The BDM payment is theoretically an incentive-compatible method for eliciting truthful re-

sponses regardless of participants' risk attitudes (Becker et al., 1964). In addition, following Danz,
Vesterlund, and Wilson, 2021, we told participants that they had no incentive to report beliefs falsely
if they wanted to maximize the expected payo� in the experiment. This technique became standard
in the literature as it helps participants to understand payment method and, as a result, helps the
experimenter to elicit participants' true beliefs.

16We conducted two small pilots (pre-registration #110598 and #124788) with di�erent framings
of the main belief-updating task to test the software and verify standard behaviors documented in
the literature. During this pilot, we identi�ed software errors and realized that our modi�ed framing
was unclear to participants. Consequently, we reverted to the standard framing from the literature,
focusing on eliciting genuine priors rather than inducing priors. Results from this pilot are available
from the authors upon request.
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To study the IVP property, one needs an environment in which participants have

di�erent beliefs. There are two ways to do that. The �rst approach involves

inducing varying beliefs by providing participants with private signals about the

state (Andreoni and Mylovanov, 2012). The second approach prescribes eliciting

participants' genuine, naturally formed beliefs about certain factual events (Thaler,

2024).17

Both methods have their advantages and disadvantages. The primary advantage of

inducing beliefs lies in the ability to control participants' beliefs. This is straightfor-

ward when inducing a common belief among all participants. However, it becomes

more challenging when inducing heterogeneous beliefs, as this requires participants

to update their beliefs based on the private signals they receive. Given the extensive

literature documenting deviations from Bayesian updating (Benjamin, 2019), it is

unclear whether an experimenter employing this approach can e�ectively control

the induced priors.18

Working with genuine beliefs sidesteps this issue, as individuals naturally hold

di�ering beliefs on various topics, including factual statements. Moreover, par-

ticipants are not likely to be surprised when they learn that others have di�erent

views. However, this approach requires collecting a substantial amount of data to

capture the variations in Anne's and Bob's priors necessary for evaluating the IVP

and Martingale properties.

Our approach of eliciting genuine beliefs as opposed to induced beliefs o�ers three

additional advantages. First, it provides the enhanced external validity of the results,

as they directly speak to how people adjust their natural beliefs in response to new

information. Second, this approach enables us to investigate whether genuine beliefs

about neutral topics�such as general knowledge statements�respond di�erently

to new information compared to politically charged statements. Our study o�ers
17The focus on factual events as opposed to future events that have not happened yet is dictated

by the need to incentivize people to report their beliefs truthfully, which requires the experimenter
to know the state�in our case, whether the statement is correct or false.

18The additional subtle issue with inducing heterogeneous beliefs is what Anne can infer from
Bob's prior about Bob's ability to use new information. To illustrate, consider a standard environment
with two urns containing balls of di�erent colors. Both Anne and Bob know the compositions of the
urns and the chance that each urn is selected; the selected urn represents the state. Each observes a
private draw from the urn and forms a belief about the state. These formed beliefs could potentially
serve as Anne's and Bob's priors for the investigation of the IVP and Martingale properties. Say,
Bob's posterior belief is communicated to Anne. If this belief is unreasonable given the composition
of the urns, then Anne will make inferences about Bob's ability to update already at the inducing-
the-priors stage of the experiment, which would confound Anne's beliefs about how Bob updates his
beliefs given new information.
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a preliminary exploration of these di�erences, and we hope future research will

expand it and provide more comprehensive evidence. Third, it allows observing

genuine corner priors�instances where participants report extreme con�dence in

the statement being either true or false. These cases are particularly interesting

because they allow us to examine whether corner beliefs are degenerate, as theory

suggests, or if they can respond to new information. This type of analysis would not

be possible with induced beliefs.

4 Results

We start with presenting reduced-form evidence on Martingale and IVP properties

(Sections 4.1 and 4.2). In this analysis, we use the data from T2 treatment, in which

Anne predicts Bob's expected posterior. In Section 5 we explore what drives these

aggregate results by studying how Anne updates her own beliefs, how Anne thinks

Bob updates his beliefs when she knows his signal realization, and what this means

for Anne's beliefs about signal distribution.

Approach to Data Analysis. We de�ne Anne and Bob as having thesame priors

if their priors di�er by no more than 5 percentage points, anddi�erent priors if

the di�erence exceeds 5 percentage points. We further categorize the extent of

their di�erences using the following distinctions. We call Anne's and Bob's priors

very polarizedif they di�er by more than 40 percentage points,polarized if the

di�erence falls between 20 and 40 percentage points, andsomewhat polarizedif

the di�erence is between 5 and 20 percentage points. Statistical tests are performed

using regressions, in which we cluster standard errors by individuals to account for

the inter-dependency of observations that come from the same participant.19

4.1 Martingale property

Does Anne expect information to systematically alter Bob's posterior when they

share prior? Figure 3.1 presents the CDFs of the di�erence between Anne's beliefs
19To be precise, we regress the variable of interest (for instance, the di�erence between Anne's

prediction about Bob's expected posterior and Anne's prior) on a constant and an indicator for one of
the treatments (for instance, the test accuracy), while clustering standard errors at the individual level.
We say that the two treatments are signi�cantly di�erent when the estimated treatment indicator is
di�erent from zero at the standard 5% level and report the p-value associated with the estimated
indicator.
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about Bob's expected posterior and his original prior, which also happens to be her

prior.

Figure 3.1: Changes in Bob's beliefs when Anne and Bob share the same prior

Notes:The di�erence between Anne's prediction about Bob's expected posterior and Anne's own

prior is reported. We focus on cases in which Anne and Bob have similar priors. The data is from

Part 2 of treatment T2.

The average di�erence is not signi�cantly di�erent from zero when the test accuracy

is 65% (? = 0•507) and is signi�cantly di�erent from zero but very small when the

test accuracy is 90% (equals 4 percentage points,? = 0•051). Moreover, as seen

from Figure 3.1, the two CDFs are close to be symmetrically distributed around zero,

and there is no statistical di�erence across the two signal structures (? = 0•135).

This analysis provides strong support for the Martingale property.

Observation 1:Anne believes that Bob's beliefs satisfy the Martingale property, i.e.,

from an ex-ante perspective, information cannot alter Bob's beliefs.

4.2 IVP property

What does Anne think about Bob's expected posterior when they have di�erent

priors? The IVP property has two empirical footprints. First, Anne expects any

information to be e�ective at bringing Bob's posterior closer to her prior relative

to the original disagreement in their priors. Second, the more precise information

is expected to decrease disagreements between Anne and Bob by producing larger

shifts in Bob's expected posterior relative to the less precise information. Table

3.2 and Figure 3.2 depict the basic statistics and cumulative distribution functions
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(CDFs) of the absolute di�erences between Bob's expected posteriors and Anne's

priors for the two signal structures, as well as the original di�erence in opinions

(priors) between them.

Figure 3.2: Changes in Bob's beliefs when Anne and Bob have di�erent priors

Notes:The left panel depicts the CDFs of the absolute di�erences between Bob's and Anne's priors,

as well as the absolute di�erences between Bob's expected posteriors and Anne's priors. The right

panel displays the di�erences between Bob's expected posteriors and Anne's priors, broken down by

each level of prior disagreement. The analysis in both panels focuses on cases where Anne and Bob

have di�erent priors.

Consistent with the IVP prediction, any information structure moves Bob's posteriors

closer to Anne's priors. The shift is large in magnitude and signi�cant at 1% level

regardless of how di�erent Anne's and Bob's original opinions were.20 Moreover,

more precise signals shift Bob's beliefs closer to those of Anne. In fact, the CDF

curve for test accuracy 65% �rst-order stochastically dominates the one for test

accuracy 90%. However, the di�erence between the two CDFs is rather small and

only marginally signi�cant (? = 0•079).

The right panel in Figure 3.2 and the data in Table 3.2 show that the di�erence be-

tween the two information structures primarily comes from cases in which Anne's

and Bob's original priors are very polarized (at least 40 pp apart). Put di�erently,

when Anne and Bob have very di�erent initial opinions, Anne expects Bob's pos-

terior to move closer to her prior when he learns from a more accurate source. The

e�ect in this case is large in magnitude and highly signi�cant (? = 0•001): the
20The CDFs of the di�erences between Bob's and Anne's priors for two signal structures overlap.

This is by design, as Bob's signal precision was randomly assigned in the experiment. For brevity,
this graph is omitted but is available from the authors upon request.
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Table 3.2: Di�erences in Anne's and Bob's beliefs before and after Bob consumes
new evidence, in absolute terms.

Bob's prior is di�erent from Anne's prior (at least 5 pp di�erence)

Anne's prior
all extreme intermediate close to uniform

mean (se) med mean (se) med mean (se) med mean (se) med
before info 39.8 (1.0) 35 44.4 (1.5) 40 35.6 (1.1) 30 30.6 (1.2) 35
info acc 90% 24.8 (1.1) 20 24.5 (1.6) 15 25.0 (1.5) 20 24.6 (1.6) 30
info acc 65% 27.3 (1.0) 20 31.1 (1.5) 25 24.0 (1.5) 20 20.7 (1.9) 20
p-values

before vs 90% ? Ÿ 0•001 ? Ÿ 0•001 ? Ÿ 0•001 ? = 0•018
before vs 65% ? Ÿ 0•001 ? Ÿ 0•001 ? Ÿ 0•001 ? Ÿ 0•001
90% vs 65% ? = 0•079 ? = 0•002 ? = 0•440 ? = 0•098

Anne's and Bob's priors are very polarized (more than 40 pp di�erence)

Anne's prior
all extreme intermediate close to uniform

mean (se) med mean (se) med mean (se) med mean (se) med
before info 67.9 (0.8) 65 75.0 (0.9) 70 55.9 (0.8) 55 49.6 (0.7) 50
info acc 90% 34.0 (2.0) 30 36.1 (2.7) 30 28.5 (2.8) 25 n/a n/a
info acc 65% 42.4 (1.8) 40 47.2 (2.2) 49 37.0 (2.4) 40 29.5 (4.6) 33
p-value

before vs 90% ? Ÿ 0•001 ? Ÿ 0•001 ? Ÿ 0•001 n/a
before vs 65% ? Ÿ 0•001 ? Ÿ 0•001 ? Ÿ 0•001 ? Ÿ 0•001
90% vs 65% ? = 0•001 ? = 0•001 ? = 0•024 n/a

Notes:Each table reports the di�erence between Anne's and Bob's prior beliefs in the �rst row

and the di�erences between Anne's beliefs about Bob's expected posterior and her own prior in the

second and third rows. The second and third rows di�er by signal accuracy. We focus exclusively

on cases where Anne and Bob have di�erent priors. Entries marked n/a indicate instances with

fewer than 10 observations. Anne's prior is categorized into three groups: extreme priors (below 20

or above 80), close-to-uniform priors (between 40 and 60), and intermediate priors (the remaining

category, i.e., priors between 20 and 40 or between 60 and 80).

median shift is 10 pp and it is almost 20 points when Anne has extreme priors. At

the same time, contrary to the IVP property, when Anne's and Bob's priors di�er by

less than 40 pp, we observe no di�erence between the two information structures in

general (the two blue and the two red lines in the right panel of Figure 3.2 are very

similar).21 Overall, when Anne's and Bob's opinions are not too di�erent, Anne
21Table C.1 in Appendix, presents similar statistics as the bottom part of Table 3.2 for the case in

which Anne's and Bob's priors di�er by at most 40 pp. The data shows that when Anne's beliefs are
extreme, the more precise information structure shifts Bob's expected posterior closer to Anne's prior,
consistent with the IVP property. However, the opposite is true when Anne's priors are intermediate
or close to uniform; in these cases, Anne thinks that the less precise signals are more e�ective at
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believes that Bob's posteriors will shift similarly regardless of whether he learns

from a more precise or a less precise source.

Anne's beliefs about changes in average Bob's beliefs for politically charged state-

ments are similar to those for non-politically charged statements but with an even

greater disregard for the quality of information compared to neutral statements.

Figure C.3 in Appendix replicates Figure 3.2 for two politically charged statements

used in our experiment.22 It illustrates that Anne believes Bob's average posterior

beliefs will still move closer to her own prior after receiving new information. Yet,

unlike neutral statements, these shifts are identical regardless of the quality of the

information Bob receives.

How do Anne's estimates about shifts in Bob's posteriors compare to those predicted

by Bayesian theory? Figure 3.3 combines the data from both information structures

and depicts the di�erence between predicted and observed posteriors depending on

whether Anne's prior is above or below that of Bob's and how di�erent the two

priors are (black solid and dashed lines).23 As a reference, we also plot the case in

which Anne and Bob share the same prior (red lines).

As we've discussed above, when Anne shares the same prior as Bob, she expects

Bob's posterior to be on average the same as Bob's or her own prior. In Figure 3.3

this is depicted by red lines being very close to zero and actually being exactly equal

to zero for a large portion of the data. However, when Anne and Bob do not share

the same priors, Anne tends to underestimate how Bob's posteriors move relative

to those predicted by Bayesian theory. Indeed, when Anne's prior is above that of

Bob, the majority of Anne's estimates are below predicted ones, while the opposite

happens when Anne's prior is below that of Bob. Figure C.6 in Appendix replicates

Figure 3.3 for Anne's extreme beliefs, for which we �nd the strongest qualitative

support of the IVP, and document similar patterns. Overall, Anne expects that Bob's

reaction to information is much more inert than what the Bayesian theory predicts.

Observation 2:We �nd partial support for the IVP property. Consistent with the IVP,

Anne thinks that any information brings Bob's average opinion closer to her own,

reducing the polarization of opinions between Anne and Bob.
22We have two politically charged statements: statement 6 about the estimates of GDP growth

under Democratic vs Republican presidents and statement 3 about the United States foreign aid
spendings.

23Figure C.5 in Appendix presents Figure 3.3 separately for each information structure and shows
very similar patterns.
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Figure 3.3: Anne's estimates of Bob's expected posteriors vs Bayesian predictions

Anne's prior below Bob's prior Anne's prior above Bob's prior

Notes:We plot the CDFs of the di�erences between Bob's Bayesian-predicted posterior expectations

and Anne's estimates of these values. The plots are separated into cases where Anne's prior is lower

than Bob's (left panel) and cases where Anne's prior is higher than Bob's (right panel). The data is

sourced from Part 2 of treatment T2.

and more precise information is (marginally) more e�ective at this job. However,

the signi�cant di�erence in the e�ectiveness of more precise information structures

is observed only when Anne has very di�erent beliefs from Bob, when Anne holds

relatively extreme prior beliefs herself, and when the statements are neutral. Other-

wise, Anne expects Bob's beliefs to shift similarly regardless of information quality.

In other words, Anne thinks that Bob's average posteriors are not responsive to

information quality, contrary to what the Bayesian theory predicts.

5 Unpacking Aggregate Results

In this section, we study what drives aggregate results presented in Section 4.

We start by documenting how Anne revises her own beliefs in response to new

information using the data collected in treatment T0 and in Part 1 of treatments

T1 and T2 (Section 5.1). We then investigate how Anne thinks Bob forms his

conditional posteriors when new information arrives using the data collected in Part

2 of treatment T1 (Section 5.2). After that, in Section 5.3, we study how Anne

predicts the signal frequencies based on what we learned about Anne's updating

process in Section 5.1. Section 5.4 closes the loop by bringing all these elements

together and explaining why Anne's beliefs about Bob's expected posteriors are

much more rigid than Bayesian theory predicts.
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The analysis is structured as follows. We �rst present model-free raw data patterns.

Then, we analyze the data through the lens of the Grether, 1980 model, which is one

of the most popular behavioral models used in the literature to account for deviations

in belief-updating tasks (Benjamin, 2019). In our case, it turns out that the Grether

model outperforms alternative behavioral models proposed in the literature. We

discuss these alternatives and run a horse race between the models in Appendix C.1.

5.1 How Anne Updates Her Beliefs

The left panel in Figure 3.4 depicts Anne's reported posteriors as a function of

Bayesian posteriors. For both signal accuracies, we observe a familiar inverse S-

shape (Benjamin, 2019; Enke and Graeber, 2023). People tend to overestimate the

probabilities of unlikely events and underestimate the probabilities of very likely

events.

Figure 3.4: Observed versus Bayesian posteriors
Anne's own beliefs Anne's beliefs about Bob's conditional posteriors

Notes:The left panel uses data from treatment T0 as well as Part 1 from treatments T1 and T2, while

the right panel uses the data from Part 2 of treatment T1. In both panels, we exclude degenerate

corner priors.

Grether, 1980 model proposes a parsimonious way to modify Bayes's rule which

allows accommodation of over- and under-inferences from either or both the prior

and the signals. This model is parameterized by parameters¹2– 3º which captures

the degree to which updating deviates from the Bayesian one. Speci�cally, Anne's
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posterior given signalB= 1 can be written as

0B=1 =
02

0\ 3

02
0\ 3 ¸ ¹ 1 � 00º2¹1 � \ º3

–

The model collapses to the Bayes's rule when2 = 3 = 1. Otherwise, the parameter2

controls the weight on the prior, and the parameter3 controls the weight on the new

information. Both parameters matter in determining how sensitive Anne's posterior

is to her initial beliefs and newly received signals.

Table 3.3: Anne's Own Posteriors and Anne's Beliefs about Bob's Conditional
Posteriors, estimates of Grether model

Dependent Variable= ln [Posterior odds]

Anne's own beliefs Anne's beliefs about All together
Bob's conditional beliefs

reg (1) reg (2) reg (3) reg (4) reg (5) reg(6)
ln [Prior odds] 0.55�� (0.02) 0.55�� (0.02) 0.31�� (0.04) 0.27��� (0.04) 0.31�� (0.04) 0.29�� (0.04)
ln [Likelihood ratio] 0.46�� (0.02) 0.47�� (0.02) 0.43�� (0.04) 0.43��� (0.04) 0.47�� (0.04) 0.42�� (0.04)
ln [Prior odds]

GPolitical -0.02 (0.05) 0.70�� (0.32)
ln [Likelihood ratio]

GPolitical -0.09�� (0.04) -0.17�� (0.09)
ln [Prior odds]GAnne 0.26�� (0.04)
ln [Likelihood ratio]

GAnne 0.04 (0.04)
ln [Prior odds]

GSame Priors 0.38��� (0.08)
ln [Likelihood ratio]

GSame Priors 0.04 (0.08)
Nb obs = = 3534 = = 3534 = = 865 = = 865 = = 865 = = 4261
Nb participants 8= 581 8= 581 8= 195 8= 195 8= 195 8= 582
R-squared 0.4433 0.4443 0.2956 0.3116 0.3068 0.4193

both parts in T0 both parts in T0
Data Part 1 in T1 and T2 Part 2 in T1 both parts in T1

Part 1 in T2

Notes:We express Grether's formula in the log form, i.e.,ln 0B=1
1� 0B=1

= 2 � ln 00
1� 00

¸ 3 � ln \
1� \ . This

implies a linear relationship between the posterior odds, the prior odds, and the likelihood ratio. We

estimate this relationship using linear regression with the standard errors clustered at the individual

level. We exclude Anne's degenerate priors in reg (1), (2), and (6) and Bob's degenerate priors in

reg (3) - (6). Political is an indicator of two politically charged statements (the GPD growth and

the foreign aid spending). Anne is an indicator of Anne's own posteriors. Same is an indicator that

Anne's and Bob's priors are within 5 p.p. from each other.�� indicates signi�cance at the 5% level.

Regression (1) in Table 3.3 reports estimates of parameters¹2– 3º for Anne's own

beliefs when she receives new information. Our results are consistent with the

canonical �ndings in the literature established for the belief-updating tasks with
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so-called balls-and-urns experiments and induced beliefs: both parameters2 and

3 are signi�cantly smaller than the Bayesian benchmark (Benjamin, 2019). This

means that people tend to under-infer from both the new information they receive

and their own homegrown genuine priors. Regression (2) distinguishes between

neutral and politically charged statements and shows that people put similar weight

on their priors in both cases but update less in light of new evidence related to

political statements.

Anne's Corner Beliefs. Corner beliefs are degenerate, and, by de�nition, un-

changeable. If you are absolutely sure that a statement is either true or false, then no

new evidence should alter your conviction, and your opinion of the statement should

remain unchanged. Our experiment provides one of the �rst empirical evidence

evaluating this prediction.24

How often do people report corner beliefs? That depends on the statement. The

fraction of corner beliefs ranges from 11% to 49% per statement, with an average

of 22%. Some participants are more likely to report the corner beliefs than others.

However, as Figure C.4 in Appendix shows, participants rarely report corner beliefs

for more than 4 statements out of 12 in total.25

Do people take corner beliefs seriously? The data in Part 3 of the experiment pro-

vides some insights into this question. Recall that in this part, we o�er participants

a choice between a safe payment of $10 and a risky bet which pays $11 if one's

reported corner belief is correct and nothing otherwise. About three-quarters of

participants who reported a corner belief chose the risky bet in the last part of the

experiment. We take this evidence as supportive of the fact that people do originally

believe in their corner priors. Taking such a risky bet makes sense only if one has

little doubt about correctly assessing the truthfulness of the statement.26

24Note that, by design, both signals are conceivable even when one holds a corner prior. This is
true because the signals are only partially informative: conditional on the state, there is a positive
chance of receiving either a signal that coincides with the state or contradicts it. Thus, a participant
cannot learn from a signal that their prior is wrong.

25Recall, that Figures C.1 and C.2 present the histograms of prior beliefs for each statement
observed in T0. Participants' priors in the other two treatments T1 and T2 are very similar to those
in T0 and are omitted for brevity.

26Focusing on participants whose last surprise round involved the statement where they reported
a corner belief and received a signal about that statement�i.e., the 'own beliefs' portion of the
experiment�we �nd that they are more likely to choose the risky bet when the signal con�rms their
prior belief than when it contradicts it. Speci�cally, participants with con�rming signals chose the
risky bet over 80% of the time, compared to approximately 65% for those with contradicting signals.
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Do people update corner beliefs? Figure 3.5 depicts the CDFs of Anne's posteriors

after receiving either a con�rming original prior signal (left panel) or a contradicting

original prior signal (right panel). We pool the data from both corners and rede�ne

all corner beliefs to be one. The con�rming signal is, then, a more likely signal

conditional on the state being one, while the contradicting signal is the less likely

signal.27 The red thick lines depict updating for corner beliefs, while the black solid

and dashed lines provide a benchmark of how Anne updates her beliefs when her

prior is close to the corner but still interior.

When Anne receives a con�rming signal, she rarely updates (left panel of Figure 3.5).

The median posterior, in this case, is 100, the average is 92, and it is signi�cantly

di�erent from Anne's posterior when she has a slightly lower prior between 90%

and 99% and similarly receives a con�rming signal (? Ÿ 0•001). However, when

Anne receives a contradicting signal (right panel of Figure 3.5), she updates her

beliefs substantially. The median belief in this case is 80, the average is 63, and it is

not signi�cantly di�erent from the posterior beliefs of Anne whose prior is between

90% and 99% and who similarly receives a contradicting signal (? = 0•152). This

evidence suggests that corner beliefs are not really corners: people are willing to

change their minds in light of new evidence that goes against their prior beliefs, even

when they were initially certain in their opinion.

Observation 3:When updating her own beliefs, Anne underinfers both from her prior

and from new information. The underinference from new information is stronger for

politically charged statements. Corner beliefs are not really degenerate, they are

malleable to some degree and can be updated in light of contradictory evidence.

5.2 How Anne Thinks Bob Updates His Beliefs

The right panel in Figure 3.4 depicts Anne's guesses about Bob's conditional poste-

riors as a function of Bayesian posteriors. For both signal accuracies, we observe a

familiar inverse S-shape similar in form to Anne's own posteriors (left panel). The

shape similarity between the left and the right panels in Figure 3.4 is consistent

with Anne projecting her way of updating onto how she thinks others update, albeit

larger deviations from the Bayesian predictions for Anne's own posteriors compared
27Say, a participant believes that the statement is correct with probability 100% and receives a

signal which is 90% accurate. The positive signal is a con�rming signal, as it con�rms the original
belief of a participant. The negative signal, however, is a contradicting one, as it goes against one's
prior.
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Figure 3.5: How Anne updates her own corner beliefs

Con�rming signals Contradicting signals

Notes:We plot the CDFs of Anne's normalized posteriors of Anne from Part 1 in all treatments. The

normalized prior equals 100�elicited prior for priors below 50 and equals itself for the priors above

50. The con�rming signal is a more likely signal and the contradicting signal is the less likely signal

conditional on the statement being true (100% correct).

to Bob's posteriors.28 Regression (3) presented in Table 3.3 con�rms what we see

in Figure 3.4: Anne thinks that Bob, like her, underinfers both from new evidence

and from his prior, i.e.,2Bob Ÿ 1 and3Bob Ÿ 1. Regression (6) shows that Bob's
28Loewenstein et al., 2002 show that people project their current tastes on their future selves.

Danz, Madarasz, and Wang, 2024 show evidence that people project their own biases on others.
We document that people project the way they update on how others do so when encountering new
evidence.
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underinference from the prior is stronger than her own, i.e.,2Bob Ÿ 2Anne.

Figure 3.6: Bob's conditional posteriors after receiving a signal as a function of his
prior

Test Accuracy 65% Test Accuracy 90%

Notes:Each panel depicts Bayesian posteriors and Grether's posteriors for two signal realizations

conditional on the parameters¹2– 3º. The left picture is for weak signals (accuracy 65%), while the

right is for strong ones (accuracy 90%). Both �gures show how underinference �attens posteriors.

First, it reduces di�erences between signal realizations (di�erence between black lines vs. between

red lines). Second, lower2 makes posteriors less sensitive to priors (red vs. blue lines, holding3

�xed).

The two underinferences (from the prior and from the signals) are important as they

compress Bob's conditional posteriors towards a 50/50 belief and result in Anne

believing that Bob's posteriors are not as responsive to Bob's priors as Bayesian

theory predicts or as Anne's own beliefs respond. Figure 3.6 illustrates this point

and plots Bayesian posteriors as well as posteriors predicted by the Grether model

for ¹2– 3º = ¹0•5–0•5º and ¹2– 3º = ¹0•25–0•5º. The latter parameters correspond

roughly to those estimated in regression 6 of Table 3.3, which are based on Anne's

observed beliefs about Bob's conditional posteriors. Both �gures illustrate the

compression and �attening e�ects previously discussed. First, the general tendency

of individuals to underinfer from new information and priors �attens conditional

posteriors relative to Bayesian predictions. This substantially reduces the predicted

di�erence in posteriors for two signal realizations (compare the black lines to the red

lines). Second, stronger underinference from one's prior�represented by a lower

parameter2 leads�to conditional posteriors that are even less responsive to the

prior (compare the red and the blue lines, holding3 �xed). Both e�ects are crucial
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for understanding why the quality of information has a limited impact on Anne's

beliefs about Bob's expected posteriors.

Four more patterns regarding Bob's conditional posteriors are worth noting. First,

regression (5) in Table 3.3 distinguishes between the types of statements Bob en-

counters. Interestingly, Anne thinks that Bob puts a signi�cantly higher weight on

his prior and a signi�cantly lower weight on the new evidence for politically charged

statements relative to the neutral ones. In other words, Anne believes that relative to

the neutral statements, Bob's posteriors regarding political statements will be close

to his priors and new information will not have much e�ect on these priors.

Second, another manifestation of projection bias is evident in Anne's susceptibility

to base-rate neglect and her predictions about Bob's likelihood of exhibiting the

same bias. The base-rate neglect in its pure form suggests that a decision-maker

completely ignores their prior and, for instance, after receiving a positive signal with

90% accuracy updates their posterior to 90%.29 Using individual-level data, we �nd

a strong and signi�cant correlation between the number of questions where Anne

exhibits perfect base-rate neglect and the number of questions where she believes

Bob will do the same: corr= 0•59 (? Ÿ 0•01).

Third, Bayesian theory posits that Anne's beliefs about Bob's conditional posteriors

are independent of her prior. Regression (4) shows that this prediction does not

match our data as Anne thinks that Bob will put more faith in his prior when he

shares the same prior as she does.

Fourth, Anne also projects her own way of updating corner beliefs on Bob. Anne

thinks that Bob's corner beliefs are not set in stone, especially when he receives a

signal that contradicts his initial prior. Figure C.7 in the Appendix shows trends

similar to those in Figure 3.5, illustrating the similarity between how Anne updates

her corner beliefs and what Anne thinks about Bob's updating his corner beliefs.

There is minimal updating when the signal aligns with the initial prior, but signi�cant

adjustment when the signal contradicts it.

Observation 4:Anne projects the way she updates her beliefs on the way she thinks

others do. Anne thinks that Bob underinfers both from his prior and from new

evidence and that Bob's corner beliefs may shift, just like hers. Compared to her
29Base-rate neglect is one of the most prevalent biases in decision-making, garnering considerable

attention in the literature due to its persistence and widespread occurrence (Benjamin, 2019; Esponda
et al., 2023; Gneezy et al., 2023).
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own updating process, Anne thinks Bob underinfers from his prior to a larger degree

than she does herself. For political statements, Anne believes that new information

is quite ine�ective at moving Bob's beliefs, and his posteriors will not di�er much

from his priors. Overall, Anne expects Bob's posteriors to be less responsive to both

his prior and information quality compared to what the Bayesian theory predicts.

5.3 What Anne Thinks about Signal Distribution

The last element in the equation determining Bob's expected posteriors is signal

distribution. In the Bayesian world (Section 2), the likelihood of receiving a positive

signal depends linearly on Anne's prior belief and the signal accuracy:

Pr»B= 1¼= 00\ ¸ ¹ 1 � 00º¹1 � \ º (3.2)

However, the evidence presented so far documents systematic deviations from the

Bayesian model. How do these deviations a�ect Anne's beliefs about signal fre-

quencies? This is what we study in this section.

Note that understanding what Anne thinks about signal frequencies is an inference

exercise, since we do not directly observe Anne's beliefs about signal distribution.30

We therefore proceed as follows. We start by formulating several alternative be-

havioral models that describe how Anne may form beliefs about signal frequencies.

The models we consider are either based on the behavioral patterns documented

above or are popular models in the literature relevant to our setting. We examine the

general properties of these models and compare their predictions with those of the

Bayesian model. In Section 5.4, we estimate these models using data from treatment

T2 and evaluate their ability to �t the data.

The �rst model is that of Grether, 1980. As documented in Section 5.1, Anne tends

to underinfer both from her prior00 and from signals, the accuracy of which is

depicted by parameter\ . Grether's model is summarized by two parameters¹2– 3º

and it does a good job at tracking the deviations of Anne's beliefs from the Bayesian

ones. Applying this model to signal frequencies requires some normalization to
30One could envision an experiment in which Anne's beliefs about signal frequencies are elicited,

in addition to her beliefs about Bob's average posteriors. However, we chose not to pursue this
approach out of concern that it might be leading and could alter how people naturally think about
others' average posteriors. For instance, consider someone who does not instinctively break down
Bob's average posterior into signal frequencies and Bob's conditional posteriors. If asked a question
that prompts this decomposition, they might learn to focus on signal frequencies as a crucial element,
even though they might not have done so on their own without such a suggestion.
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guarantee that both frequencies are bounded between zero and one and sum up to

one. Incorporating these restrictions, we arrive at

Pr»B= 1¼=
02

0\ 3 ¸ ¹ 1 � 00º2¹1 � \ º3

02
0\ 3 ¸ ¹ 1 � 00º2¹1 � \ º3 ¸ 02

0¹1 � \ º3 ¸ ¹ 1 � 00º2\ 3
(3.3)

A crucial feature of the Grether and the Bayesian models is that Bob's prior does not

play a role in determining signal frequencies; the latter is solely based on Anne's

prior and signal accuracy.

The second model we consider di�ers from the Grether and Bayesian models in that

it allows forsocial exchange. Anne, upon observing that Bob holds a di�erent prior

from her own, takes this into account and revises her prior to~0. She then formulates

signal frequencies as suggested by the Bayesian model in equation 3.2, using the

revised prior~0 instead of her original prior00.

We follow the model of social exchange by Yuksel and Oprea, 2022 to de�ne

how Anne revises her prior after observing Bob's prior. This model suggests that

Anne takes Bob's prior10 at `face value': Anne consider10 to be generated with

probability 10 if the statement is true, and with probability1 � 10 if the statement

is false. That is, Anne believes that Bob's prior10 is an additional signal about the

state of the world, i.e., the truthfulness of the statement, with a likelihood ratio being
10

1� 10
. Thus, we can express the revised prior odds ratio as

log
~0

1 � ~0
= U� log

00

1 � 0>
¸ W� log

10

1 � 10
– (3.4)

Parameters¹U– Wº govern the weight that Anne puts on her prior relative to Bob's

prior, and can be estimated from the collected data. If Anne was fully Bayesian,

thenU = 1 andW= 0, indicating that Anne is fully con�dent in her prior and learns

nothing from Bob's prior. If, on the contrary,W ¡ 0 then Anne adjusts her prior

after observing Bob's prior.

While the Grether and the Social Exchange models are obviously di�erent, they

share two properties. First, both �atten signal frequencies with respect to Anne's

own prior relative to the steepness embedded in the Bayesian benchmark. Second,

for a �xed Anne's prior, both reduce the di�erence in signal frequencies across

more and less precise signals. Figure 3.7 demonstrates this point by plotting Anne's

estimation of the probability that Bob will receive a positive signal as a function of

Anne's prior. The left panel focuses on signals with low precision,\ = 0•65, and



126

Figure 3.7: Signal Frequencies
Test Accuracy 65% Test Accuracy 90%

Notes:For each behavioral model, we plot the probability that Anne assigns to Bob receiving a

positive signal as a function of Anne's own prior. For Grether's model, we use2 = 3 = 0•5. For the

social exchange model, we use weightU = 0•75 on Anne's own prior and weightW= 0•25 on Bob's

prior. We compute Anne's revised beliefs given these weights and plot three lines: the solid line is

for Bob's high prior10 = 0•8, the dashed line is for Bob's intermediate prior10 = 0•5, and the dotted

line is for Bob's low prior10 = 0•1.

the right one on signals with high precision,\ = 0•9. In both panels, the black lines

depict the Bayesian benchmark, the red lines are for the Grether model, and the blue

lines are for the Social Exchange model.

The two e�ects described above and depicted on Figure 3.7 are important for the

following reason. In the Bayesian world, the substantial di�erence in Bob's expected

posteriors for signals of di�erent quality is driven by the signi�cant di�erence in the

likelihood of receiving positive and negative signalsin two information structures.

This is captured by a large di�erence in the slopes of the two black lines across

panels in Figure 3.7. Contrary to that, in Grether model, the di�erence between the

two red lines is signi�cantly smaller and not very responsive to Anne's prior. This

means that Anne expects Bob to receive signals with similar likelihoods regardless

of whether he is exposed to a high- or a low-accuracy information structure and

regardless of her own prior. The same conclusion follows from examining the

Social Exchange model (the blue lines).

Observation 5:Compared to the Bayesian benchmark, Anne expects signal fre-

quencies to be less responsive to her own prior and the quality of information Bob

consumes. This conclusion holds regardless of the behavioral model Anne uses to
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formulate signal frequencies.

5.4 Bringing All Pieces Together

In Section 4.2, we have documented partial support for the IVP property. Consistent

with this property, Anne predicts that, in general, information will bring Bob's

expected posterior closer to her own prior. However, in contrast with this property,

Anne predicts that these posterior moves are similar for information sources with

di�erent accuracy. The analysis of Anne's own updating process and her beliefs

about Bob's updating process presented in the previous sections helps us understand

why this might be the case. We identi�ed two "�attening e�ects" that jointly reduce

the disparity in average posteriors predicted for signals of varying strength. The

�rst �attening e�ect re�ects Bob's diminished sensitivity to conditional posteriors,

while the second captures the reduced responsiveness of signal frequencies to both

signal accuracy and Anne's prior beliefs. Together, these e�ects result in Bob's

expected posteriors remaining relatively stagnant, showing limited responsiveness

to the quality of information he encounters.

We've discussed two behavioral models that can account for the e�ect of `average

posteriors being less responsive to information quality than predicted by the Bayesian

model'. Both models use Grether's framework to calculate Anne's and Bob's

posteriors conditional on signal realizations. The two models di�er in how signal

frequencies are computed; the fully Grether's model uses Grether's logic to compute

signal frequencies, while the Social Exchange model allows Anne to revise her prior

after observing Bob's prior before formulating signal frequencies.

Table 3.4 estimates both models and compares their �t to the Bayesian benchmark.

We perform this exercise twice: once using all observations and modifying corner

priors to close but non-corner values (the top part) and once excluding the corner

priors (the bottom part). The modi�cation of corner beliefs is warranted given our

analysis of how people update their corner priors, which shows that corner priors

are not degenerate and can change as new evidence arrives.31

To compare the �t we run a simple linear regression of observed posteriors on the

predicted ones, clustering standard errors at the individual level, i.e.,

Observed Posterior= V0 ¸ V1 � Predicted Posterioŗ n• (3.5)
31Similar modi�cation is done in the analysis of Enke and Graeber, 2023.
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The best �t is achieved whenV0 = 0 andV1 = 1.

Table 3.4: Parameter Estimates and Model Fit for Behavioral Models

Anne's parameters Bob's parameters Revised prior Model �t
¹2Anne– 3Anneº ¹2Bob– 3Bobº ¹U– Wº V0 V1 root MSE

All data
Bayesian 0.28�� (0.01) 0.55�� (0.01) 0.2522
Grether (0.36,0.43) (0.30,0.47) 0.08�� (0.01) 0.94�� (0.02) 0.2461
Gretheŗ Social (0.39,0.40) (0.26,0.45) (1,1) 0.14�� (0.01) 0.82�� (0.02) 0.2517

Exchange

Without corners
Bayesian 0.27�� (0.01) 0.57�� (0.01) 0.2303
Grether (0.49,0.41) (0.33,0.43) 0.07�� (0.01) 0.96�� (0.02) 0.2288
Gretheŗ Social (0.48,0.40) (0.32,0.46) (1,0.58) 0.06�� (0.01) 0.97�� (0.02) 0.2278

Exchange

Notes:The estimates of each model are presented alongside the model �t (see equation 3.5). We

use data from all parts of all treatments. The top part of the table uses all data including the corner

priors, where corner priors of 100% and 0% are replaced by 99% and 1%, respectively. The bottom

part of the table excludes these corner priors.

Two patterns emerge from Table 3.4. First, the estimated parameters¹2– 3º for

Anne's own updating and Anne's beliefs about Bob's updating are similar to those

presented in Sections 5.1 and 5.2, and display the same qualitative patterns. In

particular, Anne thinks that Bob's under-inference from new evidence is similar to

her own, i.e.,3Anne = 3Bob. At the same time, Anne thinks that Bob under-infers

from his prior more than she does herself, i.e.,2Anne ¡ 2 Bob.32

Second, both models perform very well at explaining deviations from the Bayesian

benchmark. Among the two of them, we favor Grether's model since it uses fewer

parameters than the model that combines elements of Grether's model and the Social

Exchange and has a similar or better �t.

Magnitudes of Two Flattening E�ects. Here, we measure the relative importance

of the two �attening e�ects. We do that through the prism of Grether's model which,

as we've argued above, is an elegant and parsimonious way of organizing our data.

Table 3.5 performs a decomposition exercise and turns on/o� the two �attening

e�ects one at a time. The �rst row is the Bayesian benchmark, where both the
32We cannot reject the hypothesis that3Anne = 3Bob. We obtain? = 0•24 (? = 0•55) for Grether

model using all data (data without corners). We obtain? = 0•10 (? = 0•11) for Grether¸ Social
Exchange model using all data (data without corners). At the same time, we reject the hypothesis
that2Anne = 2Bob in all speci�cations of all models (? Ÿ 0•01).
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Table 3.5: Decomposition of the Combined Flattening E�ect

Conditional Signal Model Fit
Posteriors frequency V0 V1 root MSE

(1) Bayesian Bayesian 0.28�� (0.01) 0.55�� (0.01) 0.2522
(2) Bayesian Grether 0.19�� (0.01) 0.73�� (0.02) 0.2553
(3) Grether Bayesian 0.07�� (0.01) 0.96�� (0.02) 0.2440
(4) Grether Grether 0.08�� (0.01) 0.94�� (0.02) 0.2461

Notes:We use all the data from all treatments and modify corner priors from 100% and 0% to

99% and 1%, respectively. The results are similar when we exclude corner priors (see Table C.2 in

Appendix).

signal frequencies and Bob's conditional posteriors are assumed to be Bayesian.

This model is a good benchmark but does not fully account for behavioral patterns

observed in our experiments. Allowing either signal frequencies or conditional

posteriors to follow Grether's model improves the �t signi�cantly, with the latter

modi�cation outperforming the former one. The last row is Grether's model, where

both elements follow Grether's logic. The message from this table is clear: the lack

of sensitivity in Bob's average posteriors to information quality is predominantly

driven by the lack of sensitivity in Bob's conditional posteriors. In fact, the model

in which Anne uses Bayesian signal frequencies performs just as well as the one in

which she augments signal frequencies through the lens of Grether's model.

Observation 6:Grether's model o�ers a parsimonious explanation for the lack of re-

sponsiveness in average posteriors to information quality. This non-responsiveness

is primarily driven by the lack of sensitivity in Bob's conditional posteriors to the

information quality he is exposed to.

Magnitudes of Anne's Mistakes. How accurately does Anne predict Bob's ex-

pected posteriors? Figure 3.8 illustrates the di�erences between Bob's actual and

Anne's predicted posteriors for signals with 90% accuracy using the estimated pa-

rameters of Grether's model reported in Table 3.4.33 In the �gure, positive mistakes

are represented by blue circles, while negative mistakes are shown as orange circles.

The size of each circle, along with the number inside it, indicates the magnitude

of the mistake for a speci�c pair of Anne's and Bob's priors, with Anne's priors

depicted on the horizontal axis and Bob's priors on the vertical axis. A positive
33We use parameters reported in the second-to-last row of Table 3.4. The �gure depicts mistakes

for the following values of priors: 0.01, 0.1, 0.2, ..., 0.9, and 0.99. A similar analysis for weak signals
with 65% accuracy is provided in Figure C.8 in the Appendix, showing similar results.
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mistake means Anne predicts Bob's expected posterior to be lower than it actually

is. Conversely, a negative mistake indicates the opposite, i.e., Anne's prediction

about Bob's expected posterior is higher than it is.

Figure 3.8: The di�erence between Bob's actual average posteriors and Anne's
prediction of Bob's average posterior based on estimates of Grether's model, signal
accuracy 90%

Notes:For each pair of Anne and Bob's priors, the size of the mistake is represented by the bubble

size, with the exact value displayed inside the bubble. Anne's priors are shown on the horizontal

axis, while Bob's priors are depicted on the vertical axis. Both priors take values of 0.01, 0.1, 0.2,

0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 0.99. The mistake estimates are derived using the parameters

of Grether's model reported in Table 3.4 for the dataset excluding corner beliefs. Blue bubbles

represent positive mistakes, where Anne overestimates Bob's expected posterior (i.e., she believes

Bob's posterior is higher than it actually is). In contrast, orange bubbles indicate negative mistakes,

where Anne underestimates Bob's expected posterior (i.e., she believes it is lower than it actually

is).

Figure 3.8 demonstrates that, apart from extreme priors, Anne is fairly accurate

in predicting Bob's expected posteriors. For all priors except the most extreme

cases (0.01 and 0.99), the prediction errors are at most 7 percentage points, which

is remarkably good. The largest mistakes occur for highly polarized priors. For

example, when Anne holds a prior of 0.01 and attempts to predict Bob's expected

posterior given his prior of 0.99, she overestimates the extent to which Bob's belief

shifts towards hers predicting that Bob's expected posterior will be 12 percentage

points lower than it actually is. Similarly, when Anne's prior is 0.99 and she predicts
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Bob's posterior given his prior of 0.01, Anne again overestimates the magnitude of

Bob's shift toward her high prior by 12 percentage points, resulting in a negative

mistake.

These errors are consistent with the estimates of Grether's model reported in Table

3.4. As we've shown, Anne believes that Bob places less weight on his own prior

than he actually does, i.e.,2Bob Ÿ 2Anne. Consequently, when the two have very

extreme and polarized priors, Anne thinks that Bob will on average shift further

away from his prior relative to what he actually does. This highlights the limitations

of Anne's predictions in such scenarios.

Observation 7:Anne is quite accurate in predicting movements in Bob's expected

posteriors. However, the largest errors arise when Anne and Bob hold highly

polarized and extreme priors. In these cases, Anne overestimates the extent to which

Bob's beliefs shift toward her own due to information.

6 Conclusions

This paper provides empirical evidence on how people think others revise their

beliefs in response to new information. Our �ndings show that individuals generally

believe others' beliefs follow the Martingale property�i.e., from an ex-ante perspec-

tive, new information cannot systematically shift beliefs in one direction. However,

we �nd only partial support for the Information Validates the Prior (IVP) property.

Speci�cally, while people do expect new information to bring others' beliefs closer

to their own e�ectively reducing polarization of opinions, the degree of this adjust-

ment is less sensitive to information quality than predicted by the Bayesian model.

This reduced sensitivity stems from �atter-than-expected conditional posteriors and

signal frequencies. Moreover, we observe that even extreme or "corner" beliefs are

not entirely degenerate, as individuals are open to revising them, and they believe

others will do the same when confronted with contradictory evidence.

Our �ndings carry important implications for various strategic environments. The

rigidity of others' beliefs and their limited responsiveness to information quality can

be both advantageous and disadvantageous, depending on the setting. From a policy

standpoint, a lack of responsiveness to high-quality information is often problematic,

as information campaigns are designed to shift public beliefs, in�uence subsequent

actions, and regulate markets. However, in certain scenarios, this reduced sensitivity

may prove bene�cial. To illustrate, consider the voluntary testing game, in which
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an agent with private knowledge about their ability or product quality can choose

to undergo a costly test that generates an independent public signal of quality. The

agent's payo� is based on the market's posterior belief of their quality minus the cost

of testing. Navin Kartik et al., 2021 theoretically demonstrate that, under standard

informational assumptions, more informative tests lead to lower participation rates.

However, our results suggest that participation will be less responsive to test quality,

which, in this case, might be a welfare-improving outcome.

Our �ndings have also implications for information design literature. When people

anticipate others to be relatively unresponsive to the quality of information, it may

be more e�ective to expose them to a sequence of weak signals than a single strong

signal, even if the collection of weak signals in theory conveys the same amount of

information as a strong signal alone. We are hoping future research will provide

empirical evidence on response to these types of information framings.
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C APPENDIX FOR CHAPTER 3

In this section, we present additional data analysis, which is referenced in the paper.

Table C.1: Di�erences in Anne's and Bob's beliefs before and after Bob consumes
new evidence when Anne and Bob have di�erent priors, but the di�erence is at most
40 pp, in absolute terms.

Bob's prior is 5 to 40 pp di�erent from Anne's prior

Anne's prior
all extreme intermediate close to uniform

mean (se) med mean (se) med mean (se) med mean (se) med
before info 21.4 (0.4) 20 17.4 (0.6) 10 23.9 (0.7) 23.5 26.7 (1.2) 30
info acc 90% 18.8 (1.0) 15 13.8 (1.4) 10 22.8 (1.6) 20 22.7 (1.6) 25
info acc 65% 17.4 (0.9) 13 17.6 (1.3) 11.5 16.2 (1.4) 12 18.1 (1.9) 15
p-value

before vs 90% ? Ÿ 0•001 ? Ÿ 0•001 ? = 0•399 ? = 0•045
before vs 65% ? Ÿ 0•001 ? = 0•537 ? Ÿ 0•001 ? Ÿ 0•001
90% vs 65% ? = 0•175 ? = 0•033 ? = 0•001 ? = 0•051

Notes:The table reports the di�erence between Anne's and Bob's prior beliefs in the �rst row and the

di�erences between Anne's beliefs about Bob's expected posterior and her own prior in the second

and third rows. The second and the third rows di�er by signal accuracy. We focus exclusively on

cases where Anne and Bob have di�erent priors. Entries marked n/a indicate instances with fewer

than 10 observations. Anne's prior is categorized into three groups: extreme priors (below 20 or

above 80), close-to-uniform priors (between 40 and 60), and intermediate priors (those between 20

and 40 or between 60 and 80).
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Figure C.1: Statements and Anne's Prior Beliefs (treatment T0, part 1)

Notes:We present all statements used in the experiment and Anne's prior beliefs for each statement.

The dashed line indicates the value of the prior used in Part 2 of T1 and T2, i.e., Bob's prior.
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Figure C.2: Statements and Anne's Prior Beliefs (treatment T0, part 2)

Notes:We present all statements used in the experiment and Anne's prior beliefs for each statement.

The dashed line indicates the value of the prior used in Part 2 of T1 and T2, i.e., Bob's prior.



136

Figure C.3: Changes in Bob's beliefs when Anne and Bob have di�erent priors for
politically-charged statements (statements 3 and 6)

Notes:The left panel depicts the CDFs of the absolute di�erences between Bob's and Anne's priors,

as well as the absolute di�erences between Bob's expected posteriors and Anne's priors. The right

panel displays the di�erences between Bob's expected posteriors and Anne's priors, broken down by

each level of prior disagreement. The analysis in both panels focuses on cases where Anne and Bob

have di�erent priors.

Figure C.4: How Often Anne Reports Corner Beliefs in All Rounds?

Notes:We present the histogram of the number of statements in which corner belief is reported at

the individual level. Data is from both parts in treatment T0.
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Figure C.5: Anne's estimates of Bob's expected posteriors vs Bayesian predictions,
by information structure

Anne's prior below Bob's prior Anne's prior above Bob's prior

test accuracy 65% test accuracy 65%

Anne's prior below Bob's prior Anne's prior above Bob's prior

test accuracy 90% test accuracy 90%

Notes:We plot the CDFs of the di�erences between Bob's Bayesian-predicted posterior expectations

and Anne's estimates of these values, by signal accuracy. The top plots are for signal structure with

accuracy 65% and the bottom plots are for the signal structure with accuracy 90%. The plots are

separated into cases where Anne's prior is lower than Bob's (left panels) and cases where Anne's

prior is higher than Bob's (right panels). The data is sourced from Part 2 of treatment T2.




	Acknowledgements
	Abstract
	Published Content and Contributions
	Table of Contents
	List of Illustrations
	List of Tables
	Introduction
	Failing to Plan or Planning to Fail: A Study on Commitment Failure
	Introduction
	Related Literature
	Model
	Setup
	Commitment contracts
	Finding the Planning Motive in the Data

	Experiment Design
	Paid Tasks
	Experimental Questions
	Timeline and Payments
	Sample

	Results
	Commitment Take-up
	Partial Contracts
	Partial Contracts Capture Planning-to-Fail

	Discussion
	Conclusion
	Appendix for Chapter 1
	Proofs
	Main Results on Day 2
	Planned Failure Capacity
	General Data Description


	The Identified Helper Effect on the Frequency of Asks
	Introduction
	Connection to the literature

	Baseline Experiment
	Experiment Design
	Implementation
	Baseline Hypothesis

	Baseline Results
	Follow-up Experiments
	Exogenous shift in beliefs about others
	Ensuring askers feel anonymous to helpers

	Discussion and Conclusion
	Appendix for Chapter 2
	Askers in the Baseline Experiment
	Ensuring askers feel anonymous to helpers: Data
	Helpers
	Instructions of the Baseline Experiment


	Beliefs of Others: an Experiment
	Introduction
	Connection to the Literature

	Conceptual Framework
	Experimental Design
	Discussion of Experimental Design

	Results
	Martingale property
	IVP property

	Unpacking Aggregate Results
	How Anne Updates Her Beliefs
	How Anne Thinks Bob Updates His Beliefs
	What Anne Thinks about Signal Distribution
	Bringing All Pieces Together

	Conclusions
	Appendix for Chapter 3
	Alternative Structural Models



