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This dissertation consists of three essays on labor and health economics. Chapter 1 presents work from an exper-

imental study the effect of affirmative action on beneficiaries’, particularly women’s, career progression. This study

presents the first evidence that women face a cost in terms of future employment outcomes when successful in an en-

vironment with affirmative action, compared to one without affirmative action. In this particular case, this cost comes

as a removal of a hiring advantage successful women have over successful men in environments without affirmative

action. Chapter 2 presents work from an experimental study on the behavioral biases impacting sleep choice and the

effect of incentives to sleep on sleep behavior. In this study, we use fitness trackers to monitor sleep of subjects who

either have no incentives, or who are incentivized to sleep 7-9 hours per night and go to bed by between 10 pm and

1 am. We find that sophisticated hyperbolic discounting, self-serving bias and overconfidence, and risk aversion are

important behavioral determinants of sleep behavior. We also find that incentives to sleep are effective in improving

sleep choice, with some habit formation after the incentives are removed. Chapter 3 presents work from a study that

examines the effect of community care, via the Community Mental Health Act of 1963 and the establishment of Com-

munity Mental Health Centers, on mental-illness-related mortality. We find substantial decreases in mortality from

such causes of death among those demographic groups at most risk from those particular causes of death and among

those with the fewest alternative sources of mental health care when a Community Mental Health Center is places

within a county. We argue that these decreases in mortality are a caused by the Community Mental Health Centers.
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1.0 A Hidden Cost of Affirmative Action: Muddying Signals about Women’s Ability

Large gender gaps persist at the higher ends of the income distribution, despite gains in female representation in

early career stages. This paper uses an experiment to study whether affirmative action, which has been used mainly in

early career stages, could have a hidden cost. Specifically, by decreasing the strength of the signal about a woman’s

ability when she is successful in early career competitive environments, affirmative action could thereby inhibit her

future career progression. I find that women who are successful in an early competitive stage without affirmative action

have an advantage over successful men when it comes to hiring in a second stage. The implementation of affirmative

action removes this advantage, leaving successful men and women with equal hiring probabilities. I find empirical

support for employer beliefs as a key underlying mechanism. A welfare analysis shows that affirmative action has

an overall positive effect for women in this experiment, but the welfare improvement would be substantially larger if

there were not the cost in terms of muddying signals about women’s ability.

1.1 Introduction

Gender-based affirmative action policies are intended to increase the representation of women in careers, and

at career echelons, that have traditionally been male dominated.1 For the most part, affirmative action policies are

implemented early in the career track, such as in college admissions or for early-career jobs.2 Such policies make

it more likely that women are successful in the competitive selection processes associated with early career stages.

While the entry of women into such fields has increased in recent decades, there continues to be a so-called “leaky

pipeline” for female talent, as women do not advance as quickly or as far up the career ladder as men (Gang et al.,

2003; Bertrand et al., 2010; Niels-Jakob Harbo et al., 2019). As a result, women remain underrepresented in the

highest paying jobs and at the upper ends of the career track (Guvenen et al., 2014; Bailey and DiPrete, 2016; Blau

and Kahn, 2017; Barth et al., 2017).

This paper tests for a potential hidden cost of affirmative action at early career stages, which could contribute to

this leaky pipeline.3 The cost can arise due to muddying signals about female ability. Suppose that, in the absence of

1While the focus of this paper will be affirmative action for women, the conclusions here would likely extend to other affirmative action policies,
such as those that benefit racial minorities.

2For a history of affirmative action in the United States, see Libertella et al. (2007). An important exception to affirmative action being
implemented primarily early in the career track is the use of gender quotas in corporate boards of directors. See Seierstad and Opsahl (2011), Matsa
and Miller (2013), and Smith (2018) for conclusions from the Norwegian context. While all of these papers show that the quotas were successful
in drawing women into the corporate boards, Seierstad and Opsahl (2011) find that increasing the proportion of women in corporate boards did
not substantially increase the proportion of women in the highest positions of power, the chair of the board, and Smith (2018) points out that
implementing these quotas drew in female board members with less experience than their male counterparts. These findings from corporate boards,
though not in the same early career context that is the focus of my paper, are in line with my findings.

3Other explanations for gender gaps later in the career track that have been investigated include differences in ability, discrimination, and
differential rewarding/punishing of men and women (e.g., Landsman, 2018).
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affirmative action, employers believe that only the highest ability women will enter into the competitions that govern

early career access (e.g. getting into an Ivy League school, getting a competitive first job). In this case, observing

a woman who enters the competition and is successful may be interpreted as a particularly strong signal of her high

ability, and successful women may actually enjoy an advantage over similarly successful men in terms of hiring and

promotion.4 Implementing affirmative action could change this dynamic, leading employers to believe that the average

ability of women who enter and win the competition is lower, thereby muddying the signal associated with success

and potentially eliminating or even reversing the hiring advantages for women. While the literature has speculated

that this might be a cost of affirmative action (Noon, 2010; Antonovics and Sander, 2013), this cost has remained

“hidden” since it is difficult to verify the cost’s existence with extant data given the way affirmative action policies

have traditionally been implemented, as well as the hypothesized underlying mechanisms. The ideal data would

involve exogenous variation in the implementation of affirmative action as well as measures of employer beliefs.5

In this paper, I use a series of laboratory experiments to test for such a cost, exploiting the ability to exogenously

vary the presence of an affirmative action policy in a controlled experimental setting. Specifically, I run a two-part

experiment. First, subjects in the lab act as “candidate employees” by choosing whether to enter a competition either

with or without affirmative action in place. Second, subjects on Amazon Mechanical Turk6 act as “employers” and

decide whether to hire the candidate employee after finding out the employee’s gender and whether they entered and

won the competition. Affirmative action in this case makes it easier for women to win the competition by ensuring

that at least one out of two winners of the competition is a woman. A real-world analog of this environment is

admissions to a prestigious university that acts as a prerequisite for getting better, higher paying jobs after graduation.

Affirmative action in admissions to the university makes it more likely that women will get admitted, conditional

on applying. However, when employers see a woman with a diploma from that university, they then also know that

she was admitted under an affirmative action admissions policy. If the cost hypothesized by this paper is in place,

employers will be less likely to hire a female graduate of that university compared to if there was no affirmative action.

I show in a simple theoretical framework, which mimics the experimental setting, that female competition winners

will be more likely to be hired than male competition winners in the absence of affirmative action if employers believe

that only particularly high ability women choose to enter the competition. I also show that with the implementation

4This argument is similar to what is found in Bohren et al. (2019), who find that women are rated more poorly than men on a math-focused
question-answering website when they don’t have any reviews, but if the women have many high reviews, they are rated better than men with a
similar number of high reviews. It is also in line with the findings that women, conditional on reaching a certain position and having the same
characteristics as a man has a higher likelihood of promotion (e.g., Lewis, 1986; Williams and Ceci, 2015; Ayalew et al., 2018). This argument
assumes that there are other differences between the men and women that may prevent women from being promoted, which is clearly not true;
discrimination, harassment, and greater home production responsibilities are all additional aspects in women not rising through their careers despite
similar previous success to men. The cost of affirmative action proposed here is in addition to all of these other costs faced by women in the labor
market.

5Negative perceptions of affirmative action beneficiaries’ ability by peers, employers, and beneficiaries themselves has been identified and
studied in the field of psychology for decades ((Garcia et al., 1981; Heilman et al., 1987, 1990, 1993, 1996, 1997; Heilman, 1997; Heilman and
Alcott, 2001; Unzueta et al., 2010). However, this literature does not use incentivized measures and does not consider how this poorer perception
affects employment outcomes.

6Amazon Mechanical Turk, or MTurk, is an online work-sharing platform. MTurk is used to connect workers on MTurk with academic
experiments and surveys.
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of affirmative action, employers may no longer believe that only the highest ability women chose to enter the compe-

tition. If this happens, the hiring advantage may be taken away, giving rise to the hidden cost of affirmative action.7

However, both the hiring advantage for successful women without affirmative action and the loss of this advantage

with affirmative action depends on employers believing that only the most able women enter without affirmative ac-

tion, and that on average less able women enter with affirmative action. Whether employers will have beliefs with this

structure, and will change their hiring patterns in response to their beliefs, is an empirical question.

Analyzing the results of the experiment, I find evidence of the hypothesized cost of affirmative action. In the ab-

sence of affirmative action, employers are 13% more likely to hire women who are successful compared to successful

men. When affirmative action is implemented, successful women lose this hiring advantage and are hired 13% less

than women successful without affirmative action. Because the hiring rate of successful men does not change with

affirmative action, successful men and women are hired at the same rate when affirmative action is in place. Addition-

ally, I find support for employer beliefs being the mechanism of hiring changes for women with the implementation

of affirmative action. Employers believe that women who enter and win in the absence of affirmative action are of a

higher ability than male winners. With affirmative action, this difference goes away. Furthermore, employers’ beliefs

predict their hiring decisions.

I conduct a welfare analysis to establish to what extent the identified cost reduces the welfare benefits women

receive from affirmative action in this experiment. I find that the probability of a woman being hired increases with

affirmative action, even with this cost in place. However, using a counterfactual simulation I can address how large

the increase in hiring would have been for women if affirmative action did not decrease the signaling value of success

for women. I find that, if one could eliminate this channel of decreased signaling value, the increase in hiring that

women experience when moving to affirmative action would be triple what is found with that channel in place. In the

conclusion, I address potential policy implications of the findings.

This paper contributes to the extensive literature in economics and other disciplines about the potential benefits

and costs of affirmative action. Both empirical and experimental evidence shows that affirmative action is effective

in inducing female and minority candidates to enter competitive environments, and the experimental literature shows

that this does not result in a loss of efficiency8 (Leonard, 1984; Ayres and Brooks, 2004; Rothstein and Yoon, 2008;

7These beliefs are reasonable given the previous literature on this subject. Previous experimental literature has shown that women are less
likely to enter competitions than men (e.g., Gneezy et al., 2003; Niederle and Vesterlund, 2007; Croson and Gneezy, 2009) and that this gender
gap in willingness to compete can explain some of the real-world gender gaps in employment outcomes (Kleinjans, 2009; Buser et al., 2014; Flory
et al., 2014; Morin, 2015). This gender gap in willingness to compete has, at least in part, been attributed to women having lower confidence about
their ability than men, even when they have the same actual ability (e.g., Niederle and Vesterlund, 2007), especially in stereotypically male tasks
(Barber and Odean, 2001; Huang and Kisgen, 2013; Coffman, 2014; Sarsons and Xu, 2015; Coffman et al., 2019a,b). Gender gaps in willingness to
compete have also been attributed to differences in preferences for competition across genders (e.g., Gneezy et al., 2003; Niederle and Vesterlund,
2007; Croson and Gneezy, 2009). Implementing affirmative action induces women to enter the competition by making it more likely that they will
win, conditional on entering (Balafoutas and Sutter, 2012; Calsamiglia et al., 2013; Niederle et al., 2013).

8Efficiency in this environment is measured by the most able people entering the competition, and the least able people not entering the
competition, regardless of gender or other demographic characteristics. One concern about affirmative action is that it draws in lower ability women
at the cost of higher ability men, decreasing the average ability of the pool of entrants. The experimental literature has shown that this hypothesized
inefficiency does not occur, and efficiency often actually increases with affirmative action by drawing high ability women into the competition (e.g.,
Balafoutas and Sutter, 2012; Niederle et al., 2013).
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Balafoutas and Sutter, 2012; Calsamiglia et al., 2013; Kurlaender and Grodsky, 2013; Niederle et al., 2013; Baltrunaite

et al., 2014; Cotton et al., 2014; Ibañez and Riener, 2018; Bagde et al., 2016; Beaurain and Masclet, 2016; Sutter et al.,

2016; Besley et al., 2017; Maggian et al., 2017; Czibor and Dominguez Martinez, 2019).9 However, a growing litera-

ture has recently pointed out potential negative impacts of affirmative action, including retaliation against beneficiaries

by other competitors (Fallucchi and Quercia, 2018; Brown and Chowdhury, 2017; Leibbrandt et al., 2017; Petters

et al., 2017; Banerjee et al., 2018) and the activation of stereotype threat resulting in decreased performance of high

ability women (Bracha et al., 2019). My paper contributes to this literature by pointing out a potential cost of affir-

mative action that is specific to affirmative action implemented at early career stages, the weakening of signals about

ability for successful women in later employment environments. To my knowledge, this paper is the first empirical

study on affirmative action to consider how employers interpret information about an individual gleaned from an initial

competitive environment and translate that information into hiring decisions, and how affirmative action changes their

interpretation of this information and their hiring decisions.10

1.2 Experimental Design

This experiment took place in two parts. The first part was run in the lab and was used to collect the employee

information to be used in the second part; the second part was run on Amazon Mechanical Turk (MTurk), a workshare

platform commonly used for academic studies, where employers’ responses to the employees’ information was col-

lected.11 Both employers and employees were exposed to one treatment, standard or affirmative action, to minimize

cognitive load and to prevent experimenter demand effects as much as possible.

9Kleinjans (2009), Buser et al. (2014), and Flory et al. (2014) show that the decision to compete in experimental tournament settings is
predictive of selecting into competitive programs and careers outside the lab.

10This is, in part, due to the lack of literature showing how affirmative action affects any later outcomes after the affirmative action has been
removed. Maggian et al. (2017) shows that affirmative action in an earlier round of a tournament does not induce beneficiaries to enter later rounds
of the tournament that are not subject to affirmative action. Dianat et al. (2018) considers an experimental gift exchange market with statistical
discrimination and anonymous re-matching between employers and employees. Their study establishes that a period of affirmative action benefiting
the disadvantaged group does not prevent discrimination from resuming after the affirmative action has been removed, and that this return to
discriminatory behavior can be explained by sticky beliefs. On the other hand, Miller and Segal (2012) and Miller (2017) find that temporary racial
affirmative action policies in police forces and companies with federal contracts, respectively, do lead to increased representation of Black workers
after the policy is removed, with the latter attributing the continued gains to improved hiring practices. These papers address how temporary
affirmative action policies affect discrimination in entire labor markets across time. Unlike these papers, my paper considers how employers,
who are not constrained by affirmative action, interpret information about a specific individual employee’s ability generated in earlier competitive
environments that may or may not have had affirmative action in place. To my knowledge, the only paper that addresses a somewhat similar point is
Beaman et al. (2009), which finds that people whose elected official is a woman due to a gender quota, and who have no previous experience with
gender quotas, rate their female official lower than those who either do not have a gender quota or those with previous gender quota experience.
Also, they find that this is not due to observable differences in the female officials and is in spite of decreased gender stereotyping as a result of
experience with gender quotas. While they do not attribute the negative perception of gender quota beneficiaries to the same mechanism that I
evaluate, their results are on the whole consistent with the conclusions of this paper.

11Both employee and employer data were collected in the lab sessions, but I will primarily consider the employee data. The employer data was
a pilot for the later employer sessions on MTurk and was used to ensure subjects understood the employers’ decision-making environment. The
employer pilot data is not used because it became clear that the employer subjects did not understand the decision-making environment as presented
in the lab instructions. The instructions were then changed to make the design and the incentives more clear, and comprehension questions were
used to ensure that the MTurk subjects did understand the instructions before moving forward with the study.
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1.2.1 Employee Design

The employee part of the study took place at the Pittsburgh Experimental Economics Lab at the University of

Pittsburgh. 78 subjects were recruited using SONA and were undergraduate students at the University of Pittsburgh.12

The employee experimental design is based off of those of Niederle and Vesterlund (2007) and Niederle et al. (2013),

with the primary difference of making the design between-, rather than within-, subject. Subjects were brought into

the lab and randomly put into groups of 6, each comprised of three men and three women. These groups were based

on seating location, with clusters of computer stations defining the group. While subjects could see the other people

in their group and determine their gender in that way, the instructions also repeatedly pointed out that the groups were

comprised of three men and three women. This was done to ensure that gender was similarly salient across both the

standard and affirmative action treatments, rather than in just the affirmative action treatment.13

Subjects participated in three rounds of a sums task (Niederle and Vesterlund, 2007; Niederle et al., 2013). This task

asked subjects to do sums of 5 two-digit numbers for five minutes. The problems were presented on the screen one at

a time, and subjects received a new problem after submitting the previous one. Subjects also had a tally of the number

they got correct and incorrect at the bottom of the screen. This was the only feedback subjects got between rounds, and

provided a rough indicator of their own ability. I used this task because, despite their underlying performance being

equal, men have been shown to be more confident and competitive than women in this task (Niederle and Vesterlund,

2007). This makes it plausible that employers may have the belief that men and women are equally able in the task but

that men are more confident in their ability on the task than women. It has also been shown to have external validity

as a proxy for choosing competitive, prestigious career tracks (Buser et al., 2014).

In the first round of this task, subjects got a piece rate of $0.50 for each correct answer. In the second round,

subjects were entered into a tournament against their group members. In this round, subjects got $1.50 per correct

answer if they were a winner, and no money otherwise. Winning was determined by the treatment and their score

relative to the scores of the other subjects in their group. In the standard treatment, the two group members with

the most correct answers were the winners. In the affirmative action treatment, the woman with the most of correct

answers among the other women in her group was one winner, and the other winner was the remaining group member

(minus the highest performing woman) with the most correct answers. This ensured that in the affirmative action

tournament at least one woman and at most one man would be the winner.

In the third round of the task, subjects made a choice between the piece rate and tournament payment schemes.

If subjects picked the piece rate, they earned $0.50 for each correct answer as in the first round. If subjects picked

the tournament, they faced the same tournament structure as in the second round, in which winners earned $1.50

per correct answer and non-winners earned nothing. However, in the third round, the tournament was against the

performance of the subject’s group members in the previous round; meaning, if a subject chose to enter the tournament

12SONA allows researchers to invite pre-screened participants for research studies. See Greiner and Stephanides (2019) for details.
13Gender salience could lead to experimenter demand effects or stereotype threat for female participants (Bracha et al., 2019), so holding it

constant across treatments is important for understanding how affirmative action affects subjects’ choices.
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in the third round, whether they won or lost depended on their performance in the third round compared to their group

members’ performance in the second round. The tournament outcomes in the third round were based on the round

two scores of the entrants’ group members so the entry decision would be based on beliefs about relative ability and

preferences over risk and competition, rather than beliefs about which and how many other people would choose to

enter the tournament. In the standard treatment, a tournament entrant won if their round three score was larger than at

least four of their group members’ round two scores. In the affirmative action treatment, a female tournament entrant

won if their round three score was higher than both of their female group members’ round two scores OR if their round

three score was higher than at least four of their group members’ round two scores. A male tournament entrant in the

affirmative action treatment won if their round three score was higher than both of their male group members’ round

two scores AND if their round three score was higher than at least four of their group members’ round two scores.

Subjects completed a demographic survey about their gender and year in school that would later be used in the

resumes that employers saw. They also completed a BDM risk elicitation (Becker et al., 1964). Subjects were then

paid for one randomly chosen round over the entire study and one subject per session was randomly chosen to be paid

for the risk elicitation.14

1.2.2 Employer Design

The 180 subjects for the employers’ portion of the study were recruited through MTurk and the experiment was

implemented via Qualtrics.15 Subject knew they were being recruited for an academic decision-making study, and that

they would get a $0.50 payment plus a bonus payment of up to $15 based on their choices in the study.

Subjects were randomly assigned to either the standard or affirmative action treatment. They first received an

extensive explanation of the decision-making environment for the employees in the lab sessions. This included a

description of the sums task and the rules for how winners were chosen in the tournament, which varied by treatment.

The summary of both treatments included similar salience of gender, such as reminding them that all groups were

comprised of three men and three women.16 After reading the summary, subjects had to answer comprehension

questions about how winners were selected in order to continue with the study. They had two opportunities to answer

the questions correctly, and had access to the summary if they wished to refer to it.

14The lab session also included an employment round, in which subjects labeled as employers decided whether or not to hire the employee,
in a decision very similar to that faced by the employer subjects on MTurk, and a belief elicitation of both employers and employees. Employers
reported their belief about the employee’s ability, also similar to the beliefs elicited from the employers on MTurk. Employees reported their belief
that they would be hired by the in-lab employers. This information is not used because of the small sample size collected from the lab and the
concerns about the subjects’ understanding of the employers’ decision-making environment.

15Subjects were asked to report their level of engagement with the survey, and 20 subjects who reported being un-engaged were removed from
the analysis. Their inclusion attenuates the results found here, due to them mostly picking the same value for every resume. After removing those
subjects who did not pay attention, 180 employers remained, with 10 hiring and beliefs observations per employer. Although there have been
concerns about the validity of experimental results found from MTurk, multiple studies have directly tested the validity of MTurk responses and
found that MTurk subjects respond similarly to treatments and pay the same amount of or more attention to the experiment as compared to in-lab
subjects (e.g., Horton et al., 2011; Hauser and Schwarz, 2016; Thomas and Clifford, 2017).

16Again, the salience of gender may lead to experimenter demand effects, so keeping its presence constant across treatments makes it possible
to disentangle the effect of affirmative action from the effect of having gender be salient.
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After completing the comprehension questions, subjects received instructions for the rest of the study. Subjects

would get ten employee resumes, one at a time. Each resume would contain the employee’s gender, year in school,

whether they entered the tournament or not in round three, and, conditional on entering the tournament, whether they

won. Then, after seeing an employee’s resume, the subject made two decisions about that employee: a hiring decision

and a belief elicitation about the employee’s relative ability.

In each hiring decision subjects received $3 and they could use any portion of that $3 to buy some probability of

hiring the employee. That is, if the subject paid $0, they would get a 0% probability of hiring the employee; if they

paid $1.50, they would get a 50% probability of hiring the employee; and so on. In addition to what remained of the

initial payment of $3, they would receive another $6 if they hired the employee and the employee was in the top three

in their group in terms of the number of correct answers in round two. If the employee wasn’t hired or the employee

was hired but wasn’t in the top three in their group in round two, the subject got no additional money on top of the

remainder of the initial $3.

Note that the information in the resume was about the employee’s decision and outcome in round three but the pay-

ment for the subject is based on the employee’s performance in round two, the mandatory tournament. This models

a hiring environment in which the information employers get is an imperfect reflection of employees’ actual perfor-

mance, and is contaminated with the employees’ choices about whether or not to enter a competitive environment.

Also note that while the information is about entrance and winning, the payment for the employer based on whether

the employee is in the top three within their group, which may include those who did not win. The goal of this design

element was to make sure subjects did not just automatically choose winners and nobody else. It was important that

subjects understood in both treatments that those who entered and won in round three were not necessarily the same

as those who performed well in round two.

After the hiring decision, subjects reported their beliefs about whether the employee was in the top three performers

in their group in round two. This was incentivized using the Binarized Scoring Rule (Hossain and Okui, 2013), though

subjects were not informed as to how these payments were exactly calculated: they knew that they could make $0 or

$6, and that they had the best probability of getting the higher payment if they reported their honest beliefs. Subjects

were provided with an email to contact for exact details about the payment rules if they desired; nobody asked for this

information.

Subjects made these two decisions for ten employees, and were paid for one randomly chosen decision out of

those twenty decisions. They also completed a risk elicitation via BDM (Becker et al., 1964) between $3 for sure or

some probability of $6 with a one in thirty probability of being paid for the risk elicitation, and a demographic survey

including an age range, gender, labor status, the subjects’ dependence on MTurk for income, and attention questions.

Finally, subjects were asked to comment on their decision-making process in a free-form response.
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1.3 Theoretical Framework

In this section I summarize a simple theoretical framework. The purpose of the framework is to illustrate, in

an environment that mimics my experiment, conditions under which the hypothesized cost of early stage affirmative

action could arise. The framework identifies employer beliefs as the key mechanism, and the cost only arises if beliefs

take a particular form. The empirical question is thus whether the cost in fact arises, and whether this can be linked

to the hypothesized underlying mechanism. While this section summarizes the key conclusions of the theoretical

framework, the details of this framework are described in Appendix 4.1.

In this framework, employees have to decide whether to enter a competition. There is a cost to entering the

competition, and winners of the competition get a bonus. High ability employees are more likely to win the tournament

than low ability employees, and the parameters of the tournament are such that if someone knows with certainty that

they are high ability they should enter, and if someone knows with certainty that they are low ability they should not

enter. However, in this environment, employees do not necessarily know if they are high or low ability, but they have

beliefs about their ability level, i.e. confidence. Thus, there will be some confidence level threshold above which

employees enter the competition, and below which they don’t.

Employers have to decide whether or not to hire an employee. There is a cost to hiring the employee, and the

employer gets a bonus only when they hire a high ability employee. Suppose the parameters are such that employers

want to hire high ability employees, and not hire low ability employees. However, they do not know the employee’s

ability. What they do know is the employee’s gender and whether the employee entered and won in the competition or

not.

Consider a particular form of employer beliefs. Specifically, employers believe that male and female employees

are equally likely to be high ability, but they also believe that men are more confident about their ability than women

for a given true ability level.17 In this case, for a given true ability level, men will be more likely to believe they are

high ability than women. Thus, the confidence threshold for entering the tournament for men will happen at a lower

actual ability level than for women. This means that employers believe the average ability of women who enter and

win the tournament will be higher than for men who enter and win the tournament, and they will be more likely to hire

a successful woman than a successful man for that reason.

Suppose, further, that affirmative action is put into place in the employees’ competition. Specifically, a woman who

enters becomes more likely to win the competition, and a man who enters becomes less likely to win the competition.

Still, high ability employees are more likely to win the competition than low ability employees. This results in two

different confidence thresholds, one for men and one for women, such that the confidence threshold for women is

lower than that for men, and lower than it originally was before affirmative action.

With affirmative action, employers will believe that women of a lower average ability will enter and win the

17While this is modeled by men and women having different priors about their ability, it could also be modeled with men and women having
the same priors but different updating rules when faced with information about their underlying ability (Mobius et al., 2011).
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competition compared to without affirmative action, because they do not have to be as confident to enter. This decrease

in belief about women’s ability then results in lower hiring rates for women who enter and win the competition,

compared to without affirmative action, giving rise to the hidden cost of affirmative action. Depending on how much

the confidence threshold drops for women under affirmative action, as well as how much it increases for men, it may

be the case that the actual average ability level of men and women who enter and win is the same, resulting in a total

loss of the hiring advantage successful women had without affirmative action. With a large enough gap between the

confidence threshold of men and women, there could be a reversal of the hiring advantage, with successful men getting

hired more than successful women under affirmative action.

Previous empirical evidence suggests that the beliefs needed to give rise to the cost of affirmative action could

be reasonable beliefs, although it is far from obvious that subjects in the role of employers will have such beliefs.

Women are generally less confident than men, particularly in male-dominated settings, and are less likely to enter

competitive environments (Barber and Odean, 2001; Gneezy et al., 2003; Niederle and Vesterlund, 2007; Croson and

Gneezy, 2009; Huang and Kisgen, 2013). The task used in this paper is specifically one in which women have been

shown to be less confident and less competitive despite equal performance (e.g Niederle and Vesterlund, 2007). The

empirical evidence on the effect of affirmative action on the average ability of female (male) entrants is more mixed,

with some evidence suggesting that the average ability of female (male) entrants increases (decreases), with other

evidence suggesting it stays the same (e.g., Balafoutas and Sutter, 2012; Niederle et al., 2013). As such, it is an

empirical question as to whether employers will have the beliefs required to generate this cost, and whether employer

will translate these beliefs into the hiring cost hypothesized here.

1.4 Results

This section presents the results of the experiment. The focus of the analysis is on the results of the employer

sessions, although the employees’ characteristics and their choices are summarized in Tables 1.1 and 1.2.18

Employers were drawn from the MTurk worker population living in the United States. Other than the restriction

that they must be 18 years of age or older, there were no restrictions on who could participate. The employer char-

acteristics are described in Table 1.3. Employer characteristics are balanced across the two treatments except for age,

18For the most part, characteristics of the subjects across treatments are balanced and the choices of employee subjects follow with what would
be expected from the previous literature, particularly for women - moving from an environment without affirmative action to an environment with
it, women are more likely to enter and are more likely to win conditional on entering. Women who enter without affirmative action are more likely
to be in the top half of their group in round two compared to men who enter, and that probability decreases with affirmative action. For men, we see
that the move to affirmative action decreases the likelihood of winning and increases the likelihood of losing, but that it also increases the likelihood
of entering. While possibly an artifact of the small sample from which these results were simulated, the increase in entry for men in the affirmative
action treatment compared to the standard treatment could also be an important consideration in terms of the effect of affirmative action. Free-form
responses to the question “why did you decide to enter or not enter the tournament” indicate that some men in the affirmative action saw the longer
odds of winning the tournament as a challenge to overcome, leading to tournament entry. Analysis of the employee data, though not the focus of
this exercise, revealed that the increase in tournament entry for men in the affirmative action tournament is primarily driven by those men with lower
scores on the initial two rounds of the tournament. Results available upon request.
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in which those who answered the standard tournament survey were approximately 3.6 years younger than those who

answered the affirmative action survey.19 Controlling for this age difference, however, does not affect the results found

in this experiment.

Note that, moving forward, I will refer to the tournaments as the standard tournament and the affirmative action

tournament. The standard tournament had the standard, gender neutral rule for determining winners, whereas the

affirmative action tournament required that at least one winner was a woman. Also note that the experiment has an extra

category for tournament outcomes compared to the theoretical framework, in that employer subjects observe whether

a candidate employee entered the competition, regardless of whether they won or lost (the latter group being, e.g.,

people who applied to Harvard but were not admitted). In reality, employers do not generally have such information

on losers, but the experiment allows me to observe how employers might condition hiring on entering but losing a

competition. I will refer to those who entered and won the tournament as winners and those who entered and lost the

tournament as losers. Those who did not enter the tournament will be referred to as non-entrants or as DNEs.

The results are split into three components: hiring outcomes; an analysis of employer beliefs as the mechanism;

and welfare and counterfactual analysis.

1.4.1 Hiring Outcomes

Result 1: In the standard tournament, women who win are hired more than men who win.

Figure 1.1 demonstrates this result. When considering the resumes of male and female winners of the standard

tournament, employers hire female winners 7.9 percentage points (13%, Wilcoxon rank-sum test p=0.05) more than

male winners.20 Additionally, from this figure we can see that losers and non-entrants of both genders in the standard

tournament are hired less than those who enter and win.

Column 1 of Table 1.4 shows support for these conclusions using regressions which include a triple interaction

of employee gender, tournament outcome, and tournament type, as well as controls for year in school (the only other

information about the employee the employers saw on the resume). Controlling for the year in school of the employee

and clustering standard errors at the employer level does not remove the hiring boost female winners get over male

winners in the standard tournament.21

Result 2: Women who win the affirmative action tournament are hired at a lower rate than women who win the

standard tournament.

Figure 1.1 and Column 1 of Table 1.4 also present this result. Women who win the affirmative action tournament

are hired 8.9 percentage points (13%, p=0.01) less than women who win the standard tournament. This lowers the

hiring rate of female winners down to the level of male winners. Women who win with affirmative action are only hired
19This difference is, to some extent, an artifact of how age was elicited in the survey. Subjects were asked to select an age range, rather than an

exact age. To calculate the average age for each group, I used the middle of the selected age range as the subjects age. This artificially places more
weight on later age groups with larger age ranges.

20From now on, all comparisons of means are from Wilcoxon Rank-Sum tests unless otherwise noted.
21These results also hold for Tobit regressions.
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1.2 percentage points less than men who win with affirmative action, a small and statistically insignificant different

difference (p=0.85). Men who win either with or without affirmative action are hired at almost exactly the same rate.

1.4.2 Analysis of Employer Beliefs as the Mechanism

Result 3: Differences in employer beliefs across the standard and affirmative action tournaments help explain

the reduced hiring of female winners under affirmative action.

Figure 1.2 shows the average beliefs employers have about employees of every gender (men and women), tour-

nament type (with or without affirmative action), and tournament outcome (winners, losers, and non-entrants). Here,

we see that, without affirmative action, women who win the tournament are believed to be of higher ability than men

who win, though these differences are smaller and less precisely estimated than those of the hiring decisions. Women

who win the standard tournament are believed to be in the top half of their group 4.6 percentage points (6%, p=0.13)

more than men who win the standard tournament. With affirmative action, female winners are believed to be in the

top half 2.4 percentage points less (3%, p=0.38) than those women who won the standard tournament. Column 2 of

Table 1.4 presents these results in regression format with controls for grade and clustering of standard errors at the em-

ployer level. Adding controls increases the precision of the estimates, and within this framework the increased beliefs

about female winners’ ability without affirmative action and the decreased beliefs about female winners’ ability with

affirmative action are significant at a 5% level.

Employers were asked to write a free-form response about their decision making process in regards to hiring.

Answers were coded in terms of whether gender was specifically mention as being used in making the hiring decision

and, where applicable, which gender was preferred by the employer. Only 31 employers stated clearly how they used

gender in their decision making process, leading to a small sample. However, those employers in the treatment without

affirmative action were 21.8 percentage points (108.3%, p=0.32) more likely to express a preference for hiring women

over men compared to those employers in the affirmative action treatment. Some of these comments explicitly make

the argument supporting the mechanism proposed here – that women who win are more likely to be of high ability

than men who win, since women are typically less confident and competitive and are more likely to not enter the

tournament even when they would likely be successful in it.

In additional analysis I explore whether employers’ beliefs entirely explain the differences in hiring with and

without affirmative action. Column 3 of Table 1.4 replicates column 1, but with a control for the employers’ prediction

about that employees’ ability. Adding beliefs halves the magnitude of the hiring differences for female winners with

and without affirmative action, and only remains significant for the female winners without affirmative action. This

indicates that, while the belief measure does not explain all of the hiring differences in terms of magnitudes, the

relationship is substantial in size. The fact that beliefs do not explain everything could reflect factors such as noise in

the belief measure, or a role for other traits to influence hiring decisions, such as risk preferences.22

22Using the risk elicitation results and a CRRA utility function, I assigned each subject a coefficient of relative risk aversion. When I run the
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1.4.3 Welfare and Counterfactual

To address welfare considerations, both for the employers and the employees, I use the employee data to under-

stand how the probability of a high ability employee entering and winning the tournament is affected by gender and

treatment. However, there is a small number of employee observations, which could result in skewed outcomes given

that the outcomes of the small sample may not be a good approximation of the average behavior. Specifically, for each

individual I know how they performed in the task compared to the individuals in their own group, but not how they

well they would have performed compared to the average group. To address this issue, I run a simulation that gives

each employee 10,000 random groups, and in each group finds that employee’s probability of being in the top half

of their group in round 2, whether they entered the tournament in that group, and whether they won that tournament

conditional on entering.23

Result 4: Welfare for employers is not significantly changed by the implementation of affirmative action, though

how much revenue employers can make from male vs. female employees does change.

To analyze how employers’ welfare would be affected by the treatment, average probabilities of being in the top

half of the group in round two, of entering round 3, and of winning round 3 conditional on entering were generated for

each of the gender-tournament outcome-tournament type (with or without affirmative action) groups, as well as a count

of how many subjects’ iterations fell within that category. This provides an approximation of what employers should

have expected from the employees. Figure 1.3 presents the likelihood of an employer seeing an individual of each

gender in each tournament outcome category, across tournament types (i.e. the fractions sum to 1 within tournament

type).

Figure 1.4 shows, conditional on seeing an employee of a certain gender, tournament outcome, and tournament

type, the highest amount of revenue that could be made on that employee given optimal hiring practices.24 Overall,

regression in Column 3 of Table 1.4 interacting the prediction with the coefficient of relative risk aversion, there is not a substantial change in the
coefficient for the interaction of female and entering and winning (0.0517, p=0.099) and the coefficient for the interaction of female, entering and
winning, and affirmative action (0.0423, p=0.344). Additionally, when using the CRRA coefficient and the employers beliefs, I can find the optimal
hiring choice employers should have chosen by finding the decision (x∗) that solves

argmax
x∈[0,3]

E[U(x)] =
(x
3
∗ p)(9− x)(1− ρ)

1− ρ
+

(1− x
3
∗ p)(3− x)(1− ρ)

1− ρ

where p is the probability the employer beliefs the employee is in the top half of their group in round 2. In this case, I still find excess hiring of
women believed to be high ability (probability of being high ability greater than 50%) in the standard competition compared to men believed to be
high ability in both competition environments and women believed to be high ability in the affirmative action competition (see Figure B.1). When
assuming employees are risk neutral, there is no excess hiring of women who are believed to be high ability in the standard competition compared
to men believed to be high ability in both competition environments and women believed to be high ability in the affirmative action competition
(see Figure B.2).

23For each employee I randomly assigned them a group formed from the other individuals in their treatment in such a way that the group would
have three men and three women. I then found whether they were in the top half of their new group with their round 2 score and whether they would
have won in round 3 (depending on the rules of their treatment). This iteration was done 10,000 times for each employee subject. If an employee
chose to not enter the tournament in the experiment, it was assumed that they would not enter the tournament in any of these artificial groups, since
the information they had in the experiment was the same as it would have been in any of the other potential groups.

24Optimal hiring practices are such that the employer hires the individual if their category’s probability of being in the top half of their group
is greater than or equal to one half, and does not hire them otherwise. These results betray another anomaly of the employee data – the employees
that did not enter the tournament, particularly the male employees, were more likely to be high ability than the employees that entered and lost the
tournament. This is in line with the evidence that ability and overconfidence are inversely related, with those who are high ability being more likely
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there is not a substantial change in expected employer payment overall given optimal hiring. Thus, if an employer was

to see employees with the underlying probability generated by the simulation, and hired optimally given the probability

that an individual in that category was in the top half of their group, an employer in the treatment without affirmative

action would on average earn $3.43, whereas an employer in the treatment with affirmative action would on average

earn $3.50, an increase of only 2%. Looking to actual hiring practices, there is little difference in the conclusion for

employee welfare: an employer in the treatment without affirmative action would on average earn $3.14, whereas an

employer in the treatment with affirmative action would on average earn $3.13, a 0.3% decrease (see Figure B.3). In

summary, employer welfare does not substantially change with the implementation of affirmative action in an earlier,

information-producing stage, either under optimal or actual hiring practices.

Result 5: Welfare, measured as the probability of being hired, increases for female employees and decreases for

male employees, with the implementation of affirmative action, leading to more equal gender representation

among those who are hired.

To determine the welfare effects of affirmative action on employees, a similar simulation was run as in the last

section for employer welfare, but this time the average hiring practice for each gender-tournament outcome-tournament

type category was applied to each simulated individual. Then, for each simulated individual, they were marked as hired

or not hired with the probability assigned by the average hiring rates found in the experiment. While employees were

not incentivized to be hired in this experiment, for this analysis I will assume that being hired is positive and that a

change in welfare is equivalent to a change in hiring rates.25

Figure 1.5 presents the probability of being hired for men and women across tournament types. Before affirmative

action, men are 7.8 percentage points more likely to be hired than women. With affirmative action, this gap shrinks to

0.2 percentage points, resulting from a 6 percentage point drop in hiring for men and a 1.5 percentage point increase

in hiring for women. This results in a much more equal distribution of gender in both the hired and not hired groups

(see Figure B.4).26

Result 6: Affirmative action does not change efficiency, measured as the average ability of those who are hired.

However, it does decrease the average ability of hired women and increase the average ability of hired men.

One concern about affirmative action is that it could result in a lower ability level of entrants and winners, which

could then lead to a lower average ability of those being hired. In this sample, this does not seem to be the case, as

affirmative action does not change the distribution of ability across both hired and not hired individuals (see Figure

B.5). However, Figure 1.6 shows that, while in all cases the population of individuals that are hired are more likely

to be underconfident (and not enter) and those who are low ability being overconfident (and thus entering and losing) (e.g., Kruger and Dunning,
1999).

25Using hiring as a proxy for welfare in this environment extracts away from other factors, like the match of the individual to the job and the
balance between entering and experiencing the tournament with the likelihood of getting a job, that may moderate the relationship between hiring
and welfare.

26Given the equal proportion of men and women in our experimental population, this leads to a decrease in overall hiring rates of 2.2 percentage
points. While it is unlikely that affirmative action would actually lead to an overall decrease in hiring outside the experimental setting, it may result
in longer searches and more unfilled vacancies, as employers are less confident about their candidates’ abilities.
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to be high ability than the population of individuals that are not hired, the average ability level of women who are

hired decreases, and the average ability level of men who are hired increases, with affirmative action. This would

indicate that, among those people who are hired, the men will become on average more able than the women with

the implementation of affirmative action.This could potentially generate or promote negative beliefs about women’s

relative ability compared to men, a consequence that could then reinforce statistical discrimination. Also, Figure 1.7

shows that it is not only high ability women (low ability men) becoming more (less) likely to be hired with affirmative

action, but rather that all women (men) become more (less) likely to be hired regardless of ability level. Thus, there

are people gaining from affirmative action that should not be, specifically low ability women, and people losing from

affirmative action that should not be, specifically high ability men.

Result 7: If the signaling channel of being successful in the competitive environment were turned off, the effect

of affirmative action on the probability a woman is hired would be tripled.

While I do find a net positive effect of affirmative action on hiring probability for women in this experiment, the

initial results on the decreased hiring for successful women indicates that there is a hidden cost of affirmative action

in this environment, specifically the loss of signaling for successful women about their ability. To quantify the mag-

nitude of this cost, I provide a counterfactual showing what would happen if one could turn off the decrease in signal

strength for successful women that happens with affirmative action without eliminating the increase in tournament

entry generated by affirmative action. Specifically, I use the simulated distributions of tournament entry and success

in the tournament used in the welfare calculations, and for each individuals I determine their probability of being em-

ployed both in their own treatment and in the other treatment. Thus, I can disentangle the positive effect of increased

tournament entry from the negative effect of decreased hiring of successful women.

Figure 1.8 presents these counterfactuals, along with the actual standard and affirmative action outcomes found

in the experiment (ST-ST and AA-AA, respectively). We can see that using the hiring probabilities of the standard

treatment and the entry decisions from the affirmative action treatment increase women’s hiring probability. To find

the magnitude of the cost of affirmative action on hiring in this experiment, I consider the increase in hiring generated

from moving from the standard treatment (ST-ST) to the counterfactual using the entry decisions of the affirmative

action treatment and the hiring probabilities from the standard treatment (AA-ST), and compare that to the increase

in hiring when going from the standard treatment (ST-ST) to the affirmative action treatment (AA-AA). The increase

when moving from the standard treatment (ST-ST) to the counterfactual (AA-ST) is three times as large as when

moving from the standard treatment to the affirmative action treatment (AA-AA). Thus, the cost of affirmative action

in terms of muddying the signals about women’s ability attenuates the benefit of affirmative action to a quarter of

what it could be without that cost. Table 1.5 presents the breakdown of the counterfactual changes in hiring rates for

women.27

27Alternatively, the decrease in expected hiring rates when going from the standard treatment (ST-ST) to a counterfactual with tournament entry
from the standard tournament and hiring decisions from the affirmative action tournament (ST-AA) would emulate a situation in which a company
or organization claims that it engages in affirmative action benefiting women, women do not believe this claim and thus do not respond with higher
entry, but employers do believe it and respond with decreased hiring of those women that are still successful.
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1.5 Discussion and Conclusion

Affirmative action has been shown to successfully draw beneficiaries into environments that they otherwise would

not have entered. However, these affirmative action policies are typically implemented early in careers, primarily in

undergraduate admissions and in initial hires into a company or division. In these types of situations, there may be a

hidden cost to affirmative action, as it could weaken the signal associated with being successful in competitive envi-

ronment for beneficiaries, making it less likely the beneficiary is then hired or promoted. In this paper, I analyze this

concern using an experiment, and find that this is the case: women who are successful without affirmative action are

hired 13% more than successful men, and this hiring advantage is taken away with the implementation of affirmative

action. I also provide evidence that employer beliefs about employee ability is the driving mechanism behind these

hiring changes, as employers also believe that women who are successful without affirmative action are more likely to

be of high ability than men who are successful with or without affirmative action, or women who are successful with

affirmative action.

Despite the cost I identify in this experiment, I find that women still have a net benefit from affirmative action,

as enough women are drawn into the competitive environment to outweigh the decrease in hiring probability for

successful women. However, if one were able to turn off the signaling channel of affirmative action decreasing

employers’ beliefs about successful women, the increase in welfare would have been quadruple what is found with

the signaling channel in place. When trying to understand why the pipeline for female talent is leaky, such that

improvements in female representation early in the career track have not filtered through to representation in later,

more prestigious positions, the hidden cost of affirmative action that I have identified could be important.

The findings of this paper have potential policy implications for when and how to best implement affirmative action.

The hidden cost of affirmative action tends to reduce the welfare benefits for women, ceteris paribus. Thus, when one

considers implementing an affirmative action policy, one should consider not only the immediate effects of the policy

but also the potential downstream effects later in the beneficiaries’ careers. These results also raise the possibility that

affirmative action should be continued throughout the entire career track in an attempt to prevent such hidden costs

from harming beneficiaries when the affirmative action is discontinued.28 Additionally, policies and technological

advancements that increase the availability and reliance on quantitative information in hiring and promotion decisions,

rather than subjective decision making that may be influenced by candidate gender, could substantially reduce the

opportunity for gender to be a focal aspect of hiring and promotion decisions, decreasing the potential for affirmative

action to then have a negative impact on future employment outcomes.

Alternatively, with advancements in technology and information availability, one could imagine a world in which

the entire structure of hiring and promotions could be improved. Affirmative action, as it is currently constructed, is

28However, as positions become more sparse, for example in the environment where there is only one of a particular position in a company,
equal representation may be difficult to ensure and these hidden costs may then come back into play, though modifications can possibly be made
such as ensuring that the gender of the person hired into that singular position changes every time the position needs to be filled.
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effective at least in part because it encourages women to apply to positions or promotions to which they otherwise

would not have been confident or competitive enough to apply for. An alternative to affirmative action as it is currently

formulated could be a policy that moves away from voluntary entry into competition and towards a more meritocratic

method of opting qualified candidates into a competition unless they choose not to compete.29 In a world with more

detailed and readily available information, employers may be able to identify suitable candidates without relying on

an application structure that requires women to put themselves forward, obviating the issue of lower confidence and

competitiveness leading to lower rates of entry or application. A system of assuming everyone within an organization

applies to a certain position and algorithmically determining a short-list of candidates based on the requirements of

the job and the employees’ data could give women the encouragement they need to then continue with the application

process once they have been short-listed, thus improving representation without the current affirmative action policy

that carries with it a hidden cost.

29He et al. (2019) finds this to be a more gender-neutral competition structure; while a traditional opt-in structure leads to significantly more men
than women entering the tournament, an opt-out structure leads to equal tournament entry for men and women. Additionally, Erkal et al. (2019)
finds that an opt-out structure decreases the gender gap in willingness to be considered for a leadership role that occurs with a traditional opt-in
structure.
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1.6 Figures

Figure 1.1: Employment by Employee Gender, Tournament Type, and Round Three Outcome

Notes - *** p<0.01, ** p<0.05, * p<0.1 based on Wilcoxon Rank-Sum Test. This figure presents the mean probability an employee was hired given their gender,
treatment, and tournament outcome. Bars represent 95% confidence intervals. ST=Standard tournament; AA= affirmative action tournament; DNE=did not enter.
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Figure 1.2: Employer Beliefs by Employee Gender, Tournament Type, and Round Three Outcome

Notes - *** p<0.01, ** p<0.05, * p<0.1 based on Wilcoxon Rank-Sum Test. This figure presents the mean prediction about an employee’s probability of being
in the top three performers in their group in round 2 given their gender, treatment, and tournament outcome. Bars represent 95% confidence intervals. ST=Standard
tournament; AA= affirmative action tournament; DNE=did not enter.

18



Figure 1.3: Simulated Probability of Employer Seeing Employee in Particular Gender – Tournament Outcome

Category, by Tournament Type

Notes - This figure provides the probability that an employee fell into a particular gender, tournament type, and tournament outcome category based on a simulation
with 10,000 iterations for each employee. See text for more details. ST=Standard tournament; AA= affirmative action tournament; DNE=did not enter.
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Figure 1.4: Expected Value of Each Type of Employee, Based on Optimal Hiring Choices

Notes - This figure presents the expected value for an employer when facing an employee of a particular gender, tournament type, and tournament outcome category, if
the employer was to hire optimally. Hiring optimally is defined as hiring employees from categories with more than 50% of entries being in the top half of their group
in round 2, and not hiring employees from categories with less than 50% of entries being in the top half of their group in round 2. ST=Standard tournament; AA=
affirmative action tournament; DNE=did not enter.
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Figure 1.5: Probability of being Hired across Gender and Tournament Type

Notes - This figure presents the probability that an employee is hired across gender and tournament type from a simulation of each employee 10,000 times. See text for
details about the simulation. Bars represent 95% confidence intervals. ST=Standard tournament; AA= affirmative action tournament.
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Figure 1.6: Probability an Individual is in the Top Half of Their Group, by Gender, Tournament Type, and Whether or

not They Were Hired

Notes - This figure presents the probability that an employee is in the top half of their group across gender, tournament type, and whether they are hired from a simulation
of each employee 10,000 times. See text for details about the simulation. Bars represent 95% confidence intervals. ST=Standard tournament; AA= affirmative action
tournament.
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Figure 1.7: Hiring Rates for Men and Women in the Top and Bottom Half of Their Group, by Tournament Type

Notes - This figure presents the probability that an employee is hired across gender, tournament type, and whether they are in the top half of their group in terms
of performance in round 2 from a simulation of each employee 10,000 times. See text for details about the simulation. Bars represent 95% confidence intervals.
ST=Standard tournament; AA= affirmative action tournament.
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Figure 1.8: Counterfactual Hiring Rates of Women Under Different Tournament Entry Choices and Hiring

Probabilities

Notes - This figure presents the probability that a female employee is hired based on the entry decisions of a particular treatment (first label) and the hiring probability
of a particular treatment (second label). Thus, ST-AA shows the hiring probability of women when they enter the tournament and are successful at the rates indicated by
the simulation for the standard treatment, while they are hired with the probabilities found in the affirmative action treatment. See text for details about the simulation.
Bars represent 95% confidence intervals. ST=Standard tournament; AA= affirmative action tournament.
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1.7 Tables

Table 1.1: Employee Characteristics

Variable ST AA Diff(ST-AA)

Female 0.50 0.50 0.00

(0.09) (0.07) (0.12)

Age 20.03 20.15 0.15

(0.25) (0.24) (0.37)

% Nat. Sci. 0.33 0.48 -0.15

Major (0.09) (0.07) (0.12)

% Soc. Sci. 0.37 0.38 -0.01

Major (0.09) (0.07) (0.11)

Year in 2.67 2.44 0.23

School (0.23) (0.18) (0.29)

Risk 10.50 9.48 1.02

(0.56) (0.44) (0.71)

PR Number 7.73 8.10 -0.37

Correct (0.52) ( 0.44) (0.69)

Tournament 0.53 0.60 -0.07

Entry (0.09) (0.07) (0.12)

N 30 48 78

Notes - *** p<0.01, ** p<0.05, * p<0.1 This table presents summary statistics for employees across tournament type. Year in school ranges from 0 for freshman to 3
for senior and above. Risk ranges from 1 for most risk loving to 15 for most risk averse (8=risk neutral).

25



Table 1.2: Employee Choices

ST AA Diff(ST-AA) Diff(M-W)

Men Women Men Women Men Women ST AA

PR Num. 8.13 7.33 8.33 7.88 -0.20 -0.54 0.80 0.46

Correct (0.72) (0.77) (0.68) (0.56) (1.03) (0.04) (1.05) (0.88)

Tourn. Num. 9.20 9.53 10.58 9.58 -1.38 -0.05 -0.33 1.00

Correct (0.76) (0.71) (0.62) (0.68) (0.98) (1.03) (1.04) (0.92)

Tourn. Top 0.53 0.46 0.58 0.42 -0.05 0.05 0.07 0.17

Half (0.13) (0.13) (0.10) (0.10) (0.17) (0.17) (0.19) (0.15)

Tourn. Entry 0.60 0.47 0.66 0.54 -0.07 -0.08 0.13 0.13

(0.13) (0.13) (0.10) (0.10) (0.16) (0.17) (0.19) (0.14)

Tourn. Num. 9.00 10.43 10.63 9.62 -1.63 0.81 -1.43 1.01

Correct|Entry (1.21) (1.00) (0.81) (1.20) (1.41) (1.80) (1.64) (1.40)

Tourn. Top 0.44 0.57 0.56 0.31 -0.12 0.26 -0.13 0.25

Half|Entry (0.18) (0.20) (0.13) (0.13) (0.22) (0.23) (0.27) (0.19)

Prob(hire) 58.60 50.93 65.63 54.13 -7.03 -3.19 7.67 11.50

(4.50) (7.88) (4.94) (4.97) (7.20) (8.83) (9.07) (7.00)

Prob(hire) 55.00 58.71 74.38 60.00 -19.38** -1.29 -3.71 14.38*

—Entry (5.66) (10.66) (4.67) (7.23) (7.55) (12.53) (11.28) (8.32)

N 15 15 24 24 39 39 30 48

Notes - *** p<0.01, ** p<0.05, * p<0.1 This table summarizes employee choices across tournament type. Prob(hire) and Prob(hire)|Entry are the belief of the
employee that they would be hired by their matched employer, either unconditionally or conditional on having entered the tournament.

26



Table 1.3: Employer Characteristics

Variable ST AA Diff(ST-AA)

Female 0.58 0.52 0.06

(0.52) (0.54) (0.07)

Age (approx.) 33.02 36.59 -3.57**

(0.82) (1.12) (1.38)

Risk 10.85 10.97 -0.12

(0.32) (0.31) (0.45)

% College 0.56 0.66 -0.10

or higher (0.05) (0.05) (0.07)

% Employed 0.77 0.75 0.02

(0.04) (0.05) (0.06)

% Student 0.05 0.06 -0.01

(0.02) (0.02) (0.03)

N 92 88 120

Notes - *** p<0.01, ** p<0.05, * p<0.1 This table summarizes employee choices across tournament type. Risk ranges from 1 for most risk loving to 15 for most risk
averse (8=risk neutral).
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Table 1.4: Employment Regressions

(1) (2) (3)

Employment Prediction Employment

Female -0.0255 -0.0264 -0.00788

(0.0235) (0.0230) (0.0154)

Enter-Lose 0.113*** 0.122*** 0.0316

(0.0345) (0.0317) (0.0280)

Enter-Win 0.381*** 0.363*** 0.139***

(0.0432) (0.0387) (0.0362)

FemaleXEnter-Lose 0.0496 0.0201 0.0362

(0.0374) (0.0282) (0.0297)

FemaleXEnter-Win 0.105*** 0.0725** 0.0564*

(0.0401) (0.0332) (0.0317)

AA -0.00740 0.00385 -0.00996

(0.0438) (0.0408) (0.0333)

FemaleXAA 0.0167 0.0367 -0.00773

(0.0340) (0.0336) (0.0239)

Enter-LoseXAA -0.0295 -0.0424 -0.00125

(0.0505) (0.0460) (0.0391)

Enter-WinX 0.0208 0.0363 -0.0339

(0.0647) (0.0544) (0.0497)

FemaleXEnter-LoseXAA -0.0171 0.0147 -0.0268

(0.0499) (0.0435) (0.0384)

FemaleXEnter-WinXAA -0.105* -0.0894** -0.0455

(0.0542) (0.0445) (0.0450)

Prediction 0.666***

(0.0423)

Constant 0.178*** 0.318*** -0.334

(0.0301) (0.0290) (0.0218)

N 1800 1800 1800

R-Sq 0.262 0.296 0.507

Notes - *** p<0.01, ** p<0.05, * p<0.1 This table presents OLS regressions with controls for grade of employee, standard errors clustered at the employer level.
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Table 1.5: Counterfactual Breakdown

Tournament Hiring Decision

Entry ST AA

ST - - -1.97 pp (-6%)

AA +4.06 pp (+13%) +1.29pp (+4%)

Notes - This table provides the probability of a woman being hired when varying the tournament entry behavior and hiring behavior independently, compared to the
probability of a woman being hired in the standard treatment.

29



2.0 Incentives to Sleep: an Experimental Analysis of Sleep Choices (Co-Authors: Osea Giuntella and Peiran

Jiao)

Sleep deprivation is prevalent in modern societies leading to negative health and economic consequences. How-

ever, we know little about why people decide to sleep less than the recommended number of hours. This study

investigates the mechanisms affecting sleep choice and explores whether commitment devices and monetary incen-

tives can be used to promote healthier sleep habits. Toward this end, we conducted a field experiment with college

students, providing them incentives to sleep, and collected data from wearable activity trackers, surveys, and time-use

diaries. Our results are consistent with sophisticated time-inconsistent preferences and overconfidence. The subjects

in the treatment group responded to the monetary incentives by significantly increasing the likelihood of sleeping be-

tween 7 and 9 hours (+19%). We uncover evidence of demand for commitment. Overall, 63% of our subjects were

sophisticated enough to take up commitment, and commitment improved sleep for the less overconfident among them.

Using time-use diaries, we show that during the intervention, there was a reduction in screen time near bedtime (-48%)

among treated subjects. Individuals in the treatment group were less likely to report insufficient sleep than at baseline

even after removal of the incentive (-16%), which is consistent with habit formation. Finally, our treatment also had

positive (albeit small) effects on health and academic outcomes.

2.1 Introduction

Sleep deprivation is an emerging public health challenge. According to the Center for Disease Control and Pre-

vention, more than a third of American adults sleep less than the recommended minimum of seven hours (Liu, 2016).

Some scholars consider it the most prevalent risky behavior in modern societies and evidence suggests that in many

countries people may be sleeping between one and two hours less than what their ancestors used to sleep a hundred

years ago (Roenneberg, 2013). Growing evidence documents the causal effects of sleep deprivation on chronic dis-

eases, health, cognitive skills, decision making, human capital, and productivity (Luyster et al., 2012; Giuntella and

Mazzonna, 2019; Giuntella et al., 2017; Jin et al., 2015; McKenna et al., 2007; Hafner et al., 2017; Heissel and Norris,

2018; Gibson and Shrader, 2018). Firms, athletes, and military training programs increasingly recognize how sleep

deprivation can impair performance.1

Despite sleep being increasingly recognized as a fundamental contributor to health and human capital and despite

economists’ interest in time-use (Becker, 1965; Aguiar and Hurst, 2007; Aguiar et al., 2013; Hamermesh, 2019), sleep
1Recently Aetna, an American managed health care company, introduced incentives to increase workers’ sleep (see https://www.cnbc.com/

2016/04/05/why-aetnas-ceo-pays-workers-up-to-500-to-sleep.html). Concern has been raised regarding sleep deprivation among NBA players
(see https://www.espn.com/nba/story/ /id/27767289/dirty-little-secret-everybody-knows-about). Finally, sleep with physical activity and nutrition
is also one of the three pillars of the army performance triad (see https://armymedicine.health.mil/Performance-Triad).
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behavior has received little attention in the economic literature. Given that we spend approximately a third of our time

–one of our scarcest resources– sleeping, and given the substantial economic and health impacts of sleep deprivation,

sleep behavior should be an object of natural interest to economists (Mullainathan, 2014). However, most economic

models analyzing time allocation regard sleeping as a pre-determined and homogeneous constraint on time allocation.

While for some individuals sleep duration and quality are influenced by medical conditions (insomnia, sleep apnea

etc.), for most individuals bedtime and sleep duration are a choice. Individuals may optimally allocate less time to

sleep and delay their bedtime (or anticipate their wake-up time) to work longer or enjoy more leisure. And indeed, the

few pioneering studies analyzing sleep choice have assumed individuals choose hours of sleep optimally (Biddle and

Hamermesh, 1990). Yet, according to the Royal Philips global sleep survey, 8 in 10 adults worldwide want to improve

their sleep and a poll from YouGov suggests that, while 89% of Americans would like to sleep for 7 hours or more

each night, more than 40% report to sleep less than that.2

Delaying bedtime may have immediate benefits (i.e., the utility from watching a further episode of a TV series,

or working an extra hour), but delayed costs (i.e., the lack of energy or alertness following a night of poor sleep).

This suggests sleep decisions may be characterized by dynamic inconsistency, and there may be scope for incen-

tives and commitment devices to promote optimal behavior (O’Donoghue and Rabin, 2003; O’Donoghue et al., 2006;

O’Donoghue and Rabin, 2015). Daily experience with time-inconsistent behavior may increase demand for com-

mitment (Laibson, 1997; Rabin et al., 1999; DellaVigna and Malmendier, 2006; Laibson, 2015; Schilbach, 2019).

Individuals who are sophisticated about their time inconsistency may restrict their future choice set without receiving

any form of compensation (e.g., Ashraf et al., 2006; Dupas and Robinson, 2013; Kaur et al., 2015; Toussaert, 2018) or

even at a cost (e.g., Casaburi and Macchiavello, 2019; Milkman et al., 2013).

This study investigates sleep choice and the role of commitment devices and monetary incentives to promote

healthier sleep habits. We conducted a field experiment among college students and collected data from wearable

activity trackers, surveys, and time-use diaries. Eliciting preferences and randomizing incentives to go to bed earlier

and sleep longer, we shed light on the role of present bias, overconfidence, commitment, and habit formation in sleep.

The effectiveness of incentives and commitment devices to promote optimal choices in the presence of self-control

problems has been analyzed in the context of other health behaviors such as alcohol consumption, unhealthy eating,

and exercise (O’Donoghue and Rabin, 2006; Charness and Gneezy, 2009; Acland and Levy, 2015; Volpp et al., 2009;

Just and Price, 2013; Royer et al., 2015). Yet, sleep is a particularly interesting domain in which to investigate the

prevalence and persistence of behavioral biases. It is an activity that people engage in every day, and about which

they have received repeated feedback throughout their lives. Thus, sleep is a domain wherein demand for commitment

might be highly relevant, to the extent that some individuals become more aware of their time inconsistency problem

due to experience and feedback (Laibson, 1997, 2015; O’Donoghue and Rabin, 1999, 2001). Sleep is also an inter-

esting domain in which to study overconfidence. If people are overconfident about sleep, this is a demonstration that

2See https://www.usa.philips.com/c-e/smartsleep/campaign/world-sleep-day.html and https://today.yougov.com/topics/health/articles-reports/
2019/03/13/sleep-habits-americans-survey-poll
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such bias can persist, even in the face of extensive experience and feedback (Huffman et al., 2018). If individuals have

biased recall of own sleep and fail to correct their overconfidence in the face of continuous information, this may be

consistent with a motivated-belief perspective (Bénabou and Tirole, 2016), suggesting that incentives may mitigate the

role of motivated reasoning (Zimmermann, 2019).

While sleep deprivation is a problem for many age groups, there are several reasons for sleep deprivation and sleep

choice being of particular interest for college students. First, time management is a major challenge among college

students transitioning from high school and home habits to campus life (Misra and McKean, 2000; Trockel et al.,

2000). Second, sleep deprivation among college students is increasingly becoming a reason for concern. According

to recent statistics published in a report of the National Institute of Health (Hershner and Chervin, 2014), more than

70% of college students sleep less than eight hours a day, 60% say they are “dragging, tired, or sleepy” at least three

days a week, and more than 80% say loss of sleep affects their academic performance. Third, sleep deprivation and

poor sleep quality has been associated with various aspects of undergraduate mental health (Milojevich and Lukowski,

2016), including symptoms of psychological distress, anxiety, attention deficit, and depression problems (McEwen,

2006; Kahn-Greene et al., 2007).3 Fourth, college is also a crucial phase to shape one’s lifestyle and habits (Buboltz

et al., 2001). Indeed, Giuntella et al. (2019), who investigate the age-sleep profile, document that during college years,

sleep duration markedly declines before reaching a minimum in the early forties. Fifth, college students are a group

that is physically healthier, with fewer social and familial constraints and with more time flexibility, suggesting that

this is an appropriate group for our experimental study of sleep choice. Additionally, understanding the behavioral

mechanisms behind sleep choice within this population may help design educational programs and interventions aimed

at improving sleep duration and quality, with non-negligible effects on students’ mental health and with potential long-

lasting effects on both habits and health.

We recruited 319 participants at the University of Oxford (163 subjects) and the University of Pittsburgh (156

subjects). The subjects were given wearable devices (Fitbit) to collect data on their sleep, physical activity, and heart

rate for 8 weeks. In the incentive treatments, subjects set bedtime and sleep duration targets for themselves each

Monday of the three treatment weeks and were rewarded for each night (Monday through Thursday) that both targets

were achieved based on Fitbit data. We elicited subjects’ time and risk preferences in the lab, and integrated the

data collected from wearable devices with weekly surveys, time-use diaries, and a follow-up survey conducted three

months after the end of the experiment to examine how behavioral biases, such as present bias and overconfidence,

affect sleep choice.

We uncover evidence that the subjects voluntarily opted for commitment devices in the form of more demanding

targets and dominated incentive schemes. Our findings are consistent with sophisticated time inconsistency and over-

confidence as key behavioral mechanisms underlying poor sleep choices. In total, 63% of our subjects took up some
3This is of particular concern, given that depression, anxiety, and suicide rates are rising among US college students (Liu et al., 2019; Mortier

et al., 2018; Eisenberg et al., 2013). Reetz et al. (2014) report that 95% of college counseling center directors said that the number of students with
significant psychological problems is a growing concern in their center or on campus. Anxiety was found to be the top concern among college
students (41.6%), followed by depression (36.4%).
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form of commitment. More present-biased subjects reported less sleep at baseline and were more likely to take up

commitment devices (+28%). Among present-biased individuals, commitment devices reduced insufficient sleep by at

least 25%. Meanwhile, many subjects were overconfident about their achievement rates, over-remembered their own

bedtime and sleep duration, over-placed their own sleep duration and quality among peers, and understated personal

risk associated with sleep deprivation relative to the risk they predicted for peers. Overconfident subjects were more

likely to be sleep deprived at baseline and selected overly optimistic targets. Present-biased individuals were more

likely to achieve their targets if they were less overconfident.

Our monetary incentives were effective in improving sleep behavior. The participants responded to monetary

incentives by sleeping longer. They were 19% more likely to sleep the recommended number of hours (between

7 and 9) and 23% less likely to sleep less than 6 hours. This finding is robust to the inclusion of individual fixed

effects, accounting for time-invariant individual heterogeneity. Furthermore, we document a persistent improvement

in sleep. Even after the intervention was removed, the subjects were 16% less likely to sleep less than 6 hours. Our

intervention also had effects on sleep regularity, reducing sleep, bedtime, and (more weakly) wake-up time variance.

Additionally, as sleep deprivation has been linked to detrimental effects on health and human capital, we explore the

potential indirect effects of our intervention on health and academic achievement. We find suggestive evidence that

our intervention improved heart rate efficiency, physical activity, and self-reported health, although the effects are

relatively small. There is also evidence of positve effects on academic achievement.4

Given that the subjects positively responded to our incentive to sleep, a natural question is how the subjects re-

allocated their time to achieve their targets. To address this question, we collected time-use diaries before, during,

and after the intervention, and examined how individuals in the treatment group allocated their time when receiving

incentives to go to bed earlier and sleep longer. We find no evidence of significant changes in time spent on studying,

working, personal care activities, exercising, or socializing. The only activity that systematically and significantly

declined during the intervention was screen time (watching TV, videos, and so on). Interestingly, we show that among

those who complied with the treatment, evening screen time (after 8 pm) declined by 48% during the intervention with

respect to baseline, and by about 28% after the incentive was removed. We see these results as particularly noteworthy

given the growing evidence that digital temptations and the use of blue light technologies near bedtime severely impair

sleep (Billari et al., 2018; Nie and Hillygus, 2002; Twenge et al., 2017). Consistent with the evidence that repetition of

behavior, such as following fixed routines, increases habit formation (e.g., Wood and Neal, 2007; Lally et al., 2010),

adjusting activities before bedtime may help develop better sleep habits.

We directly relate to recent studies analyzing the effects of wearable technology on sleep and health behavior (Jaki-

cic et al., 2016; Patel et al., 2015). Handel and Kolstad (2017) exploit a large-scale intervention in a firm to randomize

subjects into treatments to improve sleep and exercise through planning. They find small effects of accessing planning
4Our evidence on the effects of sleep on health and academic achievement adds to the growing literature analyzing sleep behavior and its effects

on human capital and health (Gibson and Shrader, 2018; Giuntella and Mazzonna, 2019; Giuntella et al., 2017; Jin et al., 2015; Heissel and Norris,
2018; Jagnani, 2018). While these studies used quasi-experimental variation, we exploit a unique field experiment setting, which provides us greater
control, to identify the relationship between more sleep and better health and academic outcomes.
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tools. Our findings suggest in the presence of persistent behavioral biases that the introduction of monetary incentives

and commitment devices may be more effective than using planning tools alone. Bessone et al. (2018) randomize

incentives to sleep longer to analyze the effects on labor market productivity and health in a developing country, find-

ing little evidence of an impact of sleep on short-run economic outcomes, but significant effects of naps on attention

and well-being. While their main goal was to induce exogenous variation in sleep (and naps) to assess its effects on

human capital and productivity, our study focuses directly on the mechanisms behind sleep choice. Furthermore, the

differences in the contexts, sleep conditions (e.g., quality of mattress, noise), and samples are likely to explain the

different results found in the two studies when examining the effects of sleep on health and human capital. Finally,

by following individuals for eight weeks and surveying them three months after the end of the experiment, we are the

first to examine persistence and habit formation effects in the context of sleep decisions. We find that sleep changes

are persistent, suggesting that temporary incentives could lead to long-run lifestyle changes in the sleep domain.5

Our study also contributes to the literature analyzing demand for commitment and the effectiveness of commitment

devices (see, e.g., Bryan et al., 2010; Kremer et al., 2019; Schilbach, 2019, for a review). To date, little evidence exists

in the sleep domain regarding the effectiveness of commitment devices in improving sleep habits.6 The evidence on

the effectiveness of commitment devices is mixed (Laibson, 2015, 2018), suggesting that uncertainty could undermine

the demand for commitment (Laibson, 2015), and that, unless subjects are sufficiently sophisticated, commitment

devices may be welfare reducing (Bai et al., 2017). Furthermore, in a recent work, Carrera et al. (2019b) show that

commitment contract take-up may reflect, at least in part, demand effects or “noisy valuation” when there is substantial

uncertainty about the desirability of an activity, even if subjects are time consistent. However, the continuous experi-

ence and immediate feedback that characterize sleep behavior suggest commitment devices may be more effective in

this domain. Our experiment provides a relatively soft commitment device in the form of setting bedtime and sleep

duration targets, at the cost of forgone rewards.7 Additionally, we elicit time preferences in incentivized tasks and then

measure sophistication in subjects’ overconfidence about own performance. We find evidence not only for sufficiently

sophisticated individuals taking up commitment but also for the positive effects of commitment on behavior.

The rest of the paper is organized as follows. Section 2 describes the experimental procedure and the design of our

intervention. The data are presented in Section 3. In Section 4, we discuss the role of present bias, overconfidence,

and risk preferences in the sleep domain. In Section 5, we present the results of our randomized experiment, discuss

the effectiveness and persistence of incentives to sleep, and their effects on time allocation, academic outcomes, and

5Breig et al. (2018) also consider sleep in a study using wearable devices. However, their main focus is task allocation. In a 2-week experiment,
they randomize feedback on subject’s time allocation and explore how that affects their time use in the following week. Their findings show the role
for over optimism in time allocation decisions. Our focus is instead sleep, and we conduct an eight-week field experiment to analyze the effects of
randomized incentives to sleep, their effects on time use, and shed light on the role of demand for commitment, overconfidence, and habit formation
in the sleep domain.

6Previous studies have examined the effectiveness of commitment devices in various contexts, including saving decisions, alcohol, smoking,
and exercising (Schilbach, 2019; Augenblick et al., 2015; Royer et al., 2015; Giné et al., 2010; Ashraf et al., 2006; Kaur et al., 2015). Some of
these studies support the idea that commitment devices may help sophisticated agents with present bias mitigate their future self-control problems
(Schilbach, 2019; Kaur et al., 2015; Ashraf et al., 2006).

7Previous evidence also suggests that softer commitments may work better than hard commitments (Dupas and Robinson, 2013).
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health. Concluding remarks are provided in Section 6.

2.2 Experimental Procedure, Design, and Data

2.2.1 Experimental Procedure

The experiment was conducted at the Centre for Experimental Social Sciences (CESS) in Nuffield College, Oxford,

UK and at the Pittsburgh Experimental Economics Laboratory (PEEL) at the University of Pittsburgh.8 The experi-

mental procedure was approved by the Central University Research Ethics Committee of the University of Oxford, the

ethical review committee of CESS, and the University of Pittsburgh Institutional Review Board. All subjects provided

informed consent before participating in the experiment. The participants were given sufficient information about the

nature and tasks of the experiment, although it was not specified that the focus of the study was sleep.9 During the

experiment, the participants were free to withdraw any time without penalty.

The results reported in this paper were derived from five waves of experimental sessions. The first three waves

were conducted in Oxford: the first from October to December 2016; the second from April to June 2017; and the third

from October to December 2017. These periods correspond to the Michaelmas Terms of the 2016–17 and 2017–18

and the Trinity Term of the 2016–17 academic years at the University of Oxford, respectively.10 The fourth and fifth

waves were conducted at the University of Pittsburgh between mid-January and mid-March during the Spring semester

of the 2017–18 academic year and between mid-September and mid-November during the Fall semester of 2018–19

academic year, respectively. The experiment was first advertised in the University of Oxford and on the campus of the

Oxford Brookes University in the Oxford waves (1–3) and on the University of Pittsburgh campus in the Pittsburgh

waves (4–5). Interested participants then signed up on our recruiting website. The participants in all the waves were

recruited through the Online Recruiting System for Economic Experiments (Greiner, 2015) at CESS and the SONA

online management system at PEEL, respectively.

Each wave was conducted over eight weeks (which in Oxford coincided with the length of the academic term).

Recruitment occurred a week before the beginning of the experiment (Week 0). In Week 1, the subjects were invited to

the lab for an experimental session and were given a Fitbit Charge HR device. We collected baseline data from Fitbit

devices for the first two weeks. Experimental surveys and treatments started on Monday morning of Week 3, and all

participants’ Fitbit data were monitored through Week 8. On Friday of Week 8, the participants returned the devices

and received final payments. A show-up fee of GBP 4 (≈ USD 5.3) in Oxford or USD $6 in Pittsburgh was given both

in the Week 1 lab session and when they returned the Fitbit, regardless of their performance in the experiment. Among

8In all our estimates, we include dummies for whether the subject was recruited in Oxford or in Pittsburgh.
9We framed it as a study about the use of wearable devices.

10Including dummies for each wave of the experiment does not affect our results.
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subjects who successfully completed all parts of the experiment, a lottery was drawn, and 3% of them could each win

a reward of GBP 150 (≈ USD 199) in Oxford or USD $200 in Pittsburgh.

During the lab session in Week 1, subjects were given an oral description of the experiment, including the ex-

clusion criteria, before their consent was sought. This lab session was divided into three parts. The first part was

an incentivized elicitation of risk and time preferences using multiple price lists, each comparing two options. The

subjects needed to make one choice for each list: at which row they would switch from choosing Option A to choosing

Option B. We elicited risk preferences using two price lists, each comparing a fixed lottery with various certainty

amounts. We elicited time preferences using four price lists, each comparing different sooner payments with a fixed

future payment. We varied both the size and timing (immediately or in 4 weeks) of the sooner payments as well as

the gap between the sooner and later payments (4 or 8 weeks). Finally, one choice was chosen from each preference

elicitation to determine payments. The risk payments were made at the end of the lab session. All time payments were

made in the form of a gift card sent to participants’ email address. To jointly elicit time and risk preferences using

multiple price lists, we adopt a similar method to those in, for instance, Tanaka et al. (2010), Falk et al. (2016), and

the Double Multiple Price List in Andreoni and Sprenger (2012).11 For details, please see Appendix B.

The second part of the lab session involved several survey items, which elicited details on subjects’ demographics,

health conditions, cognition, lifestyle, health behaviors, and physical activity. Additionally, a survey measure of

domain-specific risk attitudes (Weber et al., 2002) was implemented, which included a health domain. A part of the

survey was specifically about sleep. We asked participants about their sleep habits before the experiment and their

general knowledge about the negative consequences of bad sleep habits. We then let them read a short paragraph on

the medical evidence of the negative consequences, after which we asked them to evaluate the probability of suffering

negative health effects due to sleep deprivation for themselves and for others. The questions about self and others

were kept distant from each other and were framed in different ways to encourage subjects to think about the questions

independently.

In the third part of the lab session, each participant was given a Fitbit Charge HR device, registered for a Fitbit

account, which was linked with Fitabase for data collection. The device was then synchronized with the account.12

They were asked to wear the device as much as possible including during sleep, to charge and to synchronize the

device regularly, and to return the device on or soon after the Friday of Week 8.

2.2.2 Experimental Design

Subjects were randomly assigned to a control condition or one of the three different treatment conditions. In

the control group, participants were asked only to wear the device, allowing their Fitbit data to be recorded, and to

respond to surveys during the experimental period. Control group participants received two types of surveys. One

11These are based on risk preference elicitation in Holt and Laury (2002) and time preference elicitation in Harrison et al. (2002).
12Fitabase is a paid service that collected Fitbit data from our subjects.
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was a Weekly Survey, sent on the Monday of each week, which asked subjects about their health and sleep activity in

the previous week.13 We also surveyed subjects on their time use. On two randomly chosen mornings of each week,

subjects were asked to fill in diaries recalling what they did during the previous day in 30-minute intervals. Participants

could select the activity for each time slot from a drop down menu of categories (e.g., sleeping, grooming, watching

TV, surfing the Internet, playing games, working, studying, preparing meals or snacks, eating or drinking, cleaning,

laundry, grocery shopping, attending religious service, hanging out with friends, paying bills, exercising, commuting

[bus/train], commuting [walk or bike]). Subjects were permitted to not respond if they felt uncomfortable.

In addition to the surveys completed by the control group, subjects in the three treatment conditions also completed

sleep incentive surveys in the treatment weeks: as part of the Weekly Survey, treated participants were asked to choose

a bedtime target (between 10 pm and 1 am) and a sleep duration target (between 7 and 9 hours) for Monday through

Thursday nights of the current week and received incentives for achieving the targets.14

The three treatments varied in the timing of the incentivized weeks and the form of incentives. In Treatment

1 (Incentive-Weekly), the treatment weeks were Weeks 3, 4, and 5. Figure 2.1 illustrates the timeline of our main

intervention. We used gain/loss framing: each week, these subjects were told that they would be rewarded GBP 10

(USD 15 in Pittsburgh) for participation in the following week. Rewards and punishments were added to this amount.

Each reward was GBP 2.5 (USD 3.75) and each punishment was also GBP 2.5 (USD 3.75), so that the largest gain

for achieving targets on all four nights was GBP 20 (USD 30). The subjects would achieve their target by complying

with both bedtime and sleep duration targets, measured by Fitbit data, on a given day. A failure was to miss either

target on a given day. We also provided feedback on performance in the previous week and asked subjects to predict

their own performance for all remaining treated weeks. Depending on the size of the prediction reward, Treatment 1

(Incentive-Weekly) can be further divided into 2 arms: For approximately 40% of the subjects, only one prediction

was finally chosen, and a correct prediction was rewarded GBP 2 (USD 3); for the remaining 60%, one prediction was

chosen from each of the 3 treatment weeks, and each correct prediction was rewarded GBP 2 (USD 3).

We then tested two slight modifications to this treatment to see how subjects would respond to changes in frequency

and structure of the incentives (Carrera et al., 2019a) (Treatment 2, Incentive-Biweekly); and in the size of the monetary

incentive (Treatment 3, small incentive-biweekly). Treatment 2 (Incentive-Biweekly) was the same as 1, except that

the sleep incentives were given biweekly, in weeks 3, 5, and 7 (see Figure C.1). In Treatment 3 (Small Incentive-

Biweekly), the incentives were given biweekly as in 2, but we did not use gain/loss framing in the incentives; in other

words, there was no initial endowment in each week. Instead, subjects could choose between two contracts. The first

one was a reward of GBP 2.5 for each night the target was met, and there was no punishment. Therefore, meeting the

target on all nights of a week could lead to a total reward of GBP 10. The alternative contract would not only involve

the same reward for meeting the goals but also penalize unmet goals. The punishment for each failed night was GBP

13Subjects in the control group did not know others were paid.
14The sleep duration targets were set between 7 and 9 hours to reflect the recommended number of hours of sleep; see Cappuccio et al. (2010).
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2.15

In all treatment groups, rewards and punishments were added to their payments on the day they returned the device.

One of the 3 treated weeks was selected for each subject to determine payment for their sleep performance. Table D.1

summarizes our treatments.

2.3 Data

A total of 359 participants volunteered for the experiment, and 319 of them generated usable data; 40 subjects

(11%) either felt uncomfortable wearing a Fitbit or dropped out due to other reasons. We check the sensitivity of

our results to the inclusion of individuals who dropped out but generated some usable data. We find no evidence

of significant association between compliance with the treatment and the likelihood of dropping out before week 8.

Furthermore, withdrawing from the experiment does not correlate significantly with baseline characteristics of the

subjects (Table D.2).

Among the 319 remaining participants, 107 were in the control condition, 104 in the weekly Treatment 1 (Incentive

Weekly), 76 in the biweekly Treatment 2, and 32 in the weak incentive Treatment 3. We provide the full questionnaires

of the surveys conducted during the experiment in the Online Appendix C.

2.3.1 Measuring Sleep

Measuring sleep is challenging. Previous studies have shown that self-reported measures of sleep, whether based

on time-use diaries or survey questions, are prone to severe measurement errors. Self-reports tend to overestimate

sleep duration compared to objective measures (Lauderdale et al., 2008b). Time-use diaries may also be subject

to overestimation bias, as often, the activity lexicon associated with sleeping includes transition states (e.g., falling

asleep) (Basner et al., 2007). Personal wearable devices (such as Fitbit) have been used to study health behavior

(e.g., Handel and Kolstad, 2017). Concerns have also been raised regarding the ability of Fitbit devices to provide an

accurate measurement of sleep, although some medical studies (e.g., Lee et al., 2017) find wearable activity trackers

that detect heart rate perform fairly well in terms of tracking sleep compared to actigraphy, the more sophisticated

method used in medical studies (Beattie et al., 2017).16

We contribute to the methodological discussion on sleep measurement (e.g., Lauderdale et al., 2008a), by compar-

ing information on sleep obtained from three of the main sources used in the literature—wearable devices, time-use

diaries, and self-reported sleep in surveys. We identify substantial disparities in sleep measurements obtained using

15This treatment was done in Oxford only. Subjects were paid GBP 8 for returning the device in addition to the show-up fee in Week 8. One
treated week was randomly chosen and any loss was deducted from this amount.

16Beattie et al. (2017) suggest that Fitbit heart rate-tracking devices accurately track light, REM, and deep sleep stages (see also http://www.
sleepreviewmag.com/2017/06/study-shows-fitbit-heart-rate-tracking-devices-accurately-track-light-rem-deep-sleep-stages/.)
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these three methods, which partially reflect the distance between beliefs and actual behavior. We have (1) the bedtime,

wake-up time, and sleep duration as collected by the Fitbit devices; (2) self-reported information on sleep habits and

quality before and during the experiment collected in surveys; and (3) sleep measured through our time-use diaries.

Therefore, we can directly compare these three different measures of sleep. Additionally, Fitbit offers limited but

useful information about sleep quality through sleep efficiency–the fraction of time spent asleep while in bed–and the

number of sleep episodes per night.

Table D.3 compares the different measures of sleep obtained using Fitbit devices, survey data, and time-use diaries.

On average, subjects reported 8.15 hours of sleep in time-use diaries and 7.07 hours of sleep for the previous week in

self-reported surveys. Thus, time-use data tend to significantly overestimate time allocated to sleep, while self-reported

sleep duration is only a few minutes longer than the average sleep duration measured by Fitbit devices (7.02 hours

during the week). Further, according to time-use data, only 7% of the subjects reported sleeping less than 6 hours,

while the survey-based measure indicated 10% of the subjects slept less than 6 hours—closer to but still significantly

smaller than the 23% recorded by Fitbit devices during the school week. These results were also consistent with

the overestimation by the subjects of own sleep duration in the first-day survey. As research on sleep choice, its

determinants, and its effects advances, understanding the extent to which each of these methods captures both pure

sleep duration and biased beliefs will be crucial in identifying best practices in sleep measurement.

2.3.2 Descriptive Analysis: Pre-Intervention Data

Table D.4 reports summary statistics for subjects at baseline. This information was collected in the lab on the first

day of the experiment. Subjects were 59% male, with an average age of 21.54 (min: 18; max: 45; median age: 21) .17

Of our respondents, 58% were White, 22% Asian, 9% Black, and 11% other minorities.

We measured subjects’ health, well-being, and sleep behavior before the intervention. Subjects were relatively

healthy. Only 11% reported poor health status. The average BMI in the sample was 24 (min: 15.5; max: 47.0), with

only 5% obesity rate (BMI>30), and 24% overweight status (BMI>25); 23% of the subjects had ever smoked, but

61% of those subjects quit smoking; 26% reported drinking more than once per week.

However, self-reported mental health problem was a cause for some concern in this group. While 45% of the

sample reported feeling depressed rarely or never, 36% reported that they had felt depressed 1–2 days over the last

week, 15% reported occasional feelings of depression (3–4 days per week), and 4% reported feelings of depression

most of the time (5–7 days per week). Moreover, 6% of the sample reported feeling completely satisfied with their

life; 44% considered themselves very satisfied; 42% somewhat satisfied; and 9% not satisfied or not satisfied at all.

According to the survey results of sleep patterns at baseline, subjects sleep an average of 7 hours and 15 minutes

(Min: 4; Max: 10) each night during the month before the experiment, with women sleeping 15 minutes longer on

17One part-time student was aged 45. Excluding this observation from the analysis does not affect the results.
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average— consistent with what has been found in time-use studies (see Hamermesh (2019)).18 Most subjects reported

an ideal sleep of 8 hours (7.97 on average), and 97% of subjects considered it ideal to sleep more than 7 hours. Yet,

46% reported sleeping less than 7 hours on an average night during term (see Figure C.2). Subjects reported falling

asleep during the day on 3.79 days over the last month and a quality of sleep of 6.61 on a 1–10 scale. At baseline,

17.7% (19.3%) of subjects expressed that they were definitely willing to improve their sleep by sleeping longer (going

to bed earlier); 43% (41%) stated they were probably willing to; the rest were either unwilling to improve or did not

know how to (Table D.5).

Fitbit data of sleep before the intervention are plotted in Figure 2.2. Most people on most days slept between 6 and

9 hours, with subjects in Pittsburgh (dashed line) sleeping less than those in Oxford (solid line). On an average night,

in the first 2 weeks before the experiment, subjects in Pittsburgh slept approximately 6 hours and 45 minutes, while

subjects in Oxford slept 7 hours and 20 minutes. Women in our sample slept on average 7 hours, men 6 hours and 50

minutes (difference not statistically significant), but at baseline, women were significantly less likely to report sleeping

less than 7 hours (-7% with respect to the mean). The gender difference in sleep duration is consistent with previous

studies (Hamermesh, 2019). Figure 2.3 documents the cumulative distribution of sleep hours. On an average night of

the week, 70% of the time individuals slept less than 8 hours, 47% less than 7 hours, 25% less than 6 hours, and 12%

less than 5 hours (see Figure 2.4). Sleep duration was highly irregular—the standard deviation was 2 hours—varying

substantially throughout the week, with subjects sleeping significantly less during the week than on weekends (see

Figure 2.5). Subjects compensated during the weekend for some of their lost sleep hours during the week, wherein

approximately 47% of the subjects slept less than 7 hours in the first 2 weeks, while during the weekend the fraction

of individuals sleeping less than 7 hours of sleep declined to 39%.

We also document the association between insufficient sleep and self-reported measures of health and well-being at

baseline using self-reported data drawn from the survey conducted on the first day of the experiment. Individuals who

report sleeping between 7 and 9 hours were more likely to report good health status (+6% with respect to the mean;

p-value<0.01); they were also 6 percentage points less likely to be obese (p-value<0.05) and overweight (-48% with

respect to the mean; p-value<0.001); 55 percentage points less likely to report feelings of depression (p-value<0.05);

and more likely to be satisfied with life (+56% with respect to the mean; p-value<0.001) (see Table D.6 for details).

Individuals who were identified as more likely to take risks were also more likely to sleep less (see Figure C.3).

18The question asks “During the past month, how many hours of actual sleep did you get at night (average hours for one night)? (This may be
shorter than the number of hours you spend in bed.)”
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2.4 Behavioral Biases and Sleep Choice

2.4.1 Time Inconsistency and Demand for Commitment

Several aspects of our participants’ behavior were consistent with sophisticated time inconsistency. We correlated

our measures of subjects’ time preference with baseline sleep patterns and performance in the experiment. In Appendix

B, we describe in detail how we built our measure of present bias and impatience. The results are reported in Table

2.1. Columns 1–3 report estimates based on self-reported sleep in the survey conducted on day 1. Columns 4–6 report

estimates based on the first two weeks of data collected from Fitbit devices. While estimates are not precise due to the

small sample size, we find that before intervention, present-biased subjects were more likely to be sleep deprived. In

particular, at baseline, individuals in the top quartile of our measure of present bias were 10% (11%) more (less) likely

to report sleeping less than 7 hours (between 7 and 9 hours, columns 1–3). Fitbit data reveal even larger differences

(columns 4–6). Present-biased subjects were 19% more likely to sleep less than 7 hours with respect to the mean

and 21% less likely to sleep between 7 and 9 hours, sleeping on average 12 minutes less per night. The relationship

between sleep duration and impatience appears to be less clear (see columns 4–6, Panel B).

Our experiment included two features that allowed us to directly observe the demand for commitment consistent

with sophisticated hyperbolic discounting models. First, in all intervention groups, we asked subjects to choose bed-

time targets between 10 pm and 1 am and sleep duration targets between 7 and 9 hours. An agent with standard

preferences would maximize rewards by choosing the least binding targets, namely 1 am and 7 hours. By contrast,

choosing more restrictive targets is equivalent to disciplining one’s future behavior and can serve as a commitment

device. Second, in Treatment 3 (Small Incentive-Biweekly), we asked subjects to choose between a contract that only

rewards successes and a contract that not only rewards successes to the same extent but also punishes failures. To

maximize monetary payoff, an agent with standard preferences would choose the former, whereas an agent who de-

mands commitment would choose the latter (e.g., Kaur et al., 2015). An agent with naive time-inconsistent preferences

may mistakenly predict that her/his future self will achieve all targets and thus be indifferent between having and not

having a commitment device, whereas a sophisticated agent may anticipate her/his future time-inconsistent behavior

and would actively demand for a commitment device even at some cost. The “cost” of the commitment device in our

setting is the forgone reward, or explicit punishment in some cases.

We uncover some interesting evidence of demand for commitment. Despite 1 am being a dominant choice for

bedtime target, in 50% of the weeks, subjects in the treatment group chose bedtime targets earlier than 1 am (Figure

2.6). Moreover, 60% of the subjects chose bedtime targets earlier than 1 am in at least 1 week; 24% chose bedtime

targets earlier than 1 am in all 3 treatment weeks (Table D.7, column 1). Similarly, despite 7 hours being a dominant

choice for sleep duration target, in approximately 48% of the subject-week observations in the treatment group, bed-

time targets longer than 7 hours were chosen (Figure 2.7). Moreover, 60% of the subjects chose sleep duration targets

longer than 7 hours in at least 1 week, and 19% chose sleep duration targets longer than 7 hours in all 3 treatment
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weeks (Table D.7, column 2). These results are comparable in magnitude to those of Schilbach (2019), who find that

one-third to half of study participants chose sobriety incentives over unconditional payments, even when this choice

implied a cost in terms of forgone payments. Furthermore, consistent with demand for commitment, in Treatment 3

(Biweekly-Small), in approximately 10% of the subject-week observations, the contract with punishment was chosen

(Table D.7, column 3). A total of 13% of the subjects in this treatment chose a contract with punishment. Subjects

choosing a dominated contract were also significantly more likely to choose a dominated bedtime target (+50%).

Present-biased individuals were more likely than other subjects to take up a commitment device (Table D.8, Panel

A). They were 25% more likely to choose a bedtime target before 1 am (column 1) and 6% more likely to choose a

sleep duration target longer than 7 hours (column 2). Overall, present-biased subjects were 22% more likely to commit

to at least one dominated target (column 3). Similarly, impatient individuals were more likely than other subjects to

choose a bedtime target before 1 am (+26%, column 1 Panel B).

Time-inconsistent subjects may be more likely to choose more demanding sleep targets earlier in the day, when

the cost of last night’s bad sleep choice is still felt. Yet later in the day, when the desire to watch another episode of

a TV series sets in, they may be more likely to choose less restrictive targets. We exploit variation in the time the

surveys were answered and targets chosen by the subjects.19 While only 35% of the subject chose the least binding

bedtime (1 am) when responding to the survey before noon, among those responding after noon, 53% of the subjects

chose the least binding target. Among subjects responding after 6 pm, those choosing 1 am as bedtime target increases

up to 64% (see Figure C.4). We also find that, in a continuous measure, people who responded later in the day set

later bedtime targets. Additionally, we also find evidence that the later the average actual bedtime the week before, the

earlier the bedtime target set by subjects, suggesting their sophistication and willingness to improve (see Table D.9).

Figure 2.8 shows that subjects with later bedtimes at baseline (as measured by Fitbit devices in the first two weeks)

were more likely to select earlier bedtime targets. Consistent with the hypothesis that sophisticated time-inconsistent

preferences may be an important factor behind sleep choice behavior, we found that the behavior of opting for the

commitment device was correlated with subjects’ predicted bedtime (elicited before the target selection). Subjects

who expected to go to bed later set earlier bedtime targets than their predicted bedtime (Figure 2.9), which could

reflect subjects with sophistication wanting a commitment device.

2.4.2 Overconfidence

As mentioned earlier, our evidence suggests that overconfidence contributes to explaining individual sleep choices.

First, the data drawn from the survey conducted on the first day of the experiment reveal that subjects systematically

reported longer sleep durations, better sleep quality, and lower risks associated with sleep than what they considered

the average for persons of the same age (see Table 2.2). Consistent with overconfidence, the majority of subjects (62%)

believed they sleep longer than the average person of the same age. Individuals reported sleeping 20 minutes longer

19We varied the timing of surveys throughout the experiment, although we could not fully control the timing of the answers.
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than the average for people of their age. Similarly, 58% of the subjects thought that their sleep quality was better than

that of the average person of their age, with 25% of the subjects rating their sleep quality 2 points higher than average

on a 1–10 scale.

This biased recall of own sleep in face of repeated feedback is consistent with motivated beliefs, rather than

individuals fully integrating information to update beliefs about themselves. We are also able to evaluate whether

subjects change their self-reported sleep duration when provided with information from the Fitbit. If subjects do

not update their self-reported sleep duration with this additional information, this evidence may be consistent with

motivated beliefs. Indeed, when looking at the control group subjects, we see no evidence of significant differences

in self-reported sleep duration before and after being provided with the Fitbit and the Fitbit’s information, supportive

evidence that they are not fully incorporating information into their beliefs. If anything subjects in the control group

reported longer sleep duration at the end of the experiment than in the survey conducted on the first day in the lab, but

the differences were small and non-significant (p-value=0.44). Among overconfident subjects in the control group, the

difference between self-reported and fitbit-measured sleep duration remained significant and substantially unchanged

throughout the experiment. These results suggest that despite the feedback available through the wearable device,

subjects kept overestimating sleep duration. Furthermore, we show that the higher the distance between self-reported

sleep and actual sleep as measured by fitbits, the higher the number of hours subjects would predict to sleep in the

next week (see Figure 2.10). In particular, a one standard deviation increase in the difference between self-reported

sleep hours for the previous night and the sleep measured by the fitbit device, would be associated with a .26 standard

deviation increase in the number of hours a subject would predict to sleep on a typical night of the following week.

We find also evidence of overconfidence with respect to the perceived risks of sleep deprivation: 66% of the

subjects estimated for themselves a lower risk of detrimental consequences of sleep deprivation (loss of alertness,

weight gain, insomnia, cold, arterial stiffening). In particular, 82% of them thought that others would have a higher

likelihood of losing alertness as a consequence of sleep deprivation, with an average of 30-percentage-point higher

risk estimated for other individuals of the same age group. Similarly, approximately 65% assessed a higher likelihood

for others of the same age group (than themselves) to gain weight and to have insomnia as a result of sleep deprivation.

In contrast, differences in the perceived risk of self and others suffering a cold or arterial disease induced by sleep loss

were less pronounced.

Comparing Fitbit data and self-reported data on sleep duration, we also find evidence that individuals sleeping less

than 7 hours were significantly more likely to overestimate their sleep duration, suggesting that overconfidence may

be an important factor behind insufficient sleep. As mentioned above, subjects tended to overestimate the duration of

own sleep and, consistent with previous evidence, time-use data were particularly prone to this bias (see Table D.3).

Using these data, we built an index of overconfidence along these different dimensions. In practice, we summed

the overconfidence measures in a single index and defined as overconfident those individuals in the upper quartile

of the index. Splitting individuals in this way, overconfident subjects were less likely to report insufficient sleep at
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baseline based on self-reported data, but more likely to be sleep deprived based on Fitbit data before treatment (Table

2.3). In other words, while individuals who were overconfident about sleep reported longer sleep duration at baseline,

these subjects were also sleeping significantly less than the rest of the sample based on Fitbit data. We did not find

significant differences in their likelihood to take up commitment devices (Table D.8, Panel C). However, on average,

overconfident individuals chose sleep duration targets that were 1 hour longer than their sleep at baseline, while the

rest of the subjects, on average, selected targets that were 8 minutes longer than their sleep at baseline. The difference

between the sleep duration target and the usual sleep was approximately 52 minutes longer for overconfident subjects

(p-value=0.001). In other words, while overconfident subjects were equally likely to choose dominated targets, given

that their bedtime at baseline was significantly later and their baseline sleep duration was significantly shorter, they

took up overly optimistic sleep duration and bedtime targets.

Furthermore, as mentioned above, among present-biased individuals, overconfident subjects were less likely to

achieve targets, and commitment devices were not effective (possibly even welfare diminishing) for them, consistent

with Bai et al. (2017). While the differences are not precisely estimated, we find that overconfident subjects with

present bias were 12% less likely to sleep the recommended number of hours (p-value=0.27).

Participants were also asked to predict the likelihood that they would achieve their chosen target in each of the

following treated weeks. Correct predictions were rewarded. Table D.10 shows that individuals tended to overpredict

their likelihood of achieving the targets. Predictions do not seem to be improving over time: while subjects were

revising their predictions down from week to week, they were also increasingly falling short of their targets as the

study proceeded. In the first treated week, 62% of the subjects were too optimistic about the number of nights they

could achieve; in the second (third) week of treatment 61% (71%) of the subjects were too optimistic (Figure 2.11-

2.13). The decreasing achievement rate may be partially explained by increasing demands on time as the semester

proceeds. While students might recognize that this is happening, they may be consistently underestimating how the

demands on their time will change. Interestingly, we find no evidence of increasing prediction incentive affecting

prediction accuracy.

As mentioned above, choosing a dominated target (or contract) was associated with a higher success rate (see

Tables D.11 and D.12). However, we find no evidence that choosing dominated targets improved sleep duration

among present-biased individuals who were also classified as overconfident (coef. 0.13, p-value=.62), while the effect

is large and significant among the rest of the sample (coef. 0.28, p-value=0.009).

Overall, these results, albeit not all precisely estimated, appear consistent with sophisticated time inconsistency.

2.4.3 Risk Preferences

In Table 2.1 (Panel C), we explore the correlation between subjects’ risk aversion and their average sleep duration

as estimated during the first lab session. Risk-averse individuals reported longer sleep duration, were less likely to

report less than 7 hours of sleep (column 2), and more likely to sleep between 7 and 9 hours (column 3). Overall,
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Fitbit data confirm these qualitative associations, although the magnitude of the estimates is somehow smaller.

Risk-averse individuals were also less likely (-23%) to choose a demanding target (earlier than 1 am, column 1 of

Table D.8, Panel D) and less likely to choose a sleep duration target longer than 7 hours (-10%, column 2). Interest-

ingly, subjects choosing a dominated contract tended to have low risk aversion. In anything, risk-averse individuals

were 8% more likely to meet their target (p-value=0.27).

2.5 Incentives, Sleep Behavior, and Habit Formation

The commitment devices and monetary incentives were effective. Subjects met their targets approximately 48%

of the time (see Figures 2.11, 2.12, and 2.13). Overall, female subjects were 8% more likely to meet their targets

compared to their male counterparts, as female subjects met their targets on at least 49% of the treatment nights while

men met their targets only on 45% of those nights.

Subjects who chose dominated bedtimes ended up with better sleep outcomes. When choosing a dominated bed-

time (earlier than 1 am), subjects were 14% more likely to achieve the target than those choosing 1 am as a bedtime

target (Table D.11). Similarly, subjects choosing a dominated sleep duration target (longer than 7 hours) were more

likely to achieve it. Overall, choosing a more demanding target was associated with higher success rates. Subjects

choosing a more demanding bedtime (sleep duration) were 13% (20%) less likely to sleep less than 7 hours and those

choosing both a demanding bedtime and a demanding sleep duration target were 26% less likely to sleep less than 7

hours (Table D.12, columns 1–3 and 5–7). Similarly, subjects choosing a dominated contract were less likely to report

insufficient sleep during the treatment weeks (columns 4 and 8), although the latter result is not precisely estimated due

to the small sample size of Treatment 3 (Small Incentive-Biweekly). It is worth noting that all these estimates restrict

the sample to the intervention weeks while including controls for insufficient sleep at baseline, partially mitigating

concerns of selection bias.

Table 2.4 shows our main regression results.20 Relative to control, we find that subjects receiving monetary incen-

tives in Treatments 1 (Incentive-Weekly) and 2 (Incentive-Biweekly) were 19% more likely to sleep the recommended

number of hours (between 7 and 9 hours, see Cappuccio et al. (2010)) (column 1). This result holds with the inclusion

of individual fixed effects (column 2): accounting for persistent individual heterogeneity, the coefficient reduces by

42%, but still indicates an economically and statistically significant effect of the treatment on the likelihood of sleeping

between 7 and 9 hours (+11% with respect to the mean). In columns 3 and 4, we examine the effects of treatment on

a metric of insufficient sleep (sleeping less than 6 hours). When receiving the monetary incentive, individuals were

23% less likely to sleep less than 6 hours with respect to the average in the sample (column 3), and this effect holds

even with the inclusion of individual fixed effects (column 4). Specifically, during treatment, individuals were 12%

20We first pool Treatments 1 (Incentive-Weekly) and 2 (Incentive-Biweekly) and then document the heterogeneous effects of the treatments later
in the text.
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less likely to sleep less than 6 hours. The results tend in the same direction when analyzing alternative dichotomic

outcomes for sleeping less than 7 or 5 hours (see Table D.13). On average, incentives increased sleep duration by 6–12

minutes. Individuals spent, on average, 10 minutes more in bed, 8 of which were minutes spent asleep. Regarding the

nights on which subjects complied with the incentives, individuals in the treatment group slept 22 minutes longer than

those in the control group.

The results on sleep duration are largely driven by earlier bedtimes. When receiving the monetary incentive, the

subjects’ bedtimes were moved earlier by approximately 20 minutes, while the average wake-up time did not change

significantly (see Table D.14). Restricting the sample to the nights individuals reported at least 4 hours and less than

10 hours of sleep, the results are substantially unchanged and, in fact, more precisely estimated, suggesting the main

results are not driven by extreme values (the results are available upon request). These effects survived even after

removal of the monetary incentive (See subsection 2.5.1). Interestingly, we find no evidence that sleeping more on

incentivized nights (Monday–Thursday) crowded out sleep on non-incentivized nights during the intervention. In fact,

subjects in the treatment group were also more likely to sleep the recommended number of hours during weekends.

2.5.1 Post-Intervention

Our experiment had two post-intervention periods. The first was within the 8 experimental weeks, and thus, we

still had data drawn from the wearable devices. The second part occurred 3 months after the experimental period

ended, and consisted of a follow-up survey to additionally investigate the effect of our treatments after the experiment.

2.5.1.1 Habit Formation and Sleep with Fitbit Data We first explore the first part of the post-intervention period.

In Table 2.4, we find evidence that the effects of monetary incentives on sleep persist to some extent in the weeks

following the termination of treatment. After removing the monetary incentive, subjects in the treatment group were

9% more likely to sleep between 7 and 9 hours, although these results are not precisely estimated (column 1) and

are not robust to the inclusion of individual fixed effects (column 2). Yet, when focusing on the left tail of the sleep

distribution, we find significant and sizable effects when removing the financial incentive (column 3)21. While the

coefficients are marginally smaller, the effects hold even after including individual fixed effects (column 4). In fact,

after the removal of the incentive, the effect was even larger (+16% with respect to the mean). Using the natural

logarithm of sleep, we find that even after the removal of incentives, treated subjects’ sleep was 2% longer than at

baseline. The difference in magnitude between the treatment and post-treatment effect is comparable with recent

evidence on habit formation effects when using financial incentives to promote exercising (Carrera et al., 2019a).

Examining other outcomes drawn from the Fitbit data (Table 2.5), we find no evidence of significant effects of

treatment on the efficiency of sleep (columns 1–2), measured as the ratio between sleep duration and time spent in

bed (including time awake). There is some weak evidence that treated subjects were more likely to have an efficient

21Approximately 25% of subjects reported sleeping less than 6 hours at baseline.
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resting heart rate, defined as a resting heart rate in the lowest 25th percentile of those reported in the first 2 weeks

of the experiment and before the start of the intervention (columns 3–4). Finally, treated subjects spent less time in

sedentary activities (columns 5–6) in their wakeful time during treatment weeks (-9 minutes per day). The magnitude

of these effects is relatively small. We find no evidence of any significant effect on the number of steps walked.

2.5.1.2 Follow-up Survey: Effects on Self-Reported Sleep, Health, and Human Capital In the second part

of the post-intervention period, we sent subjects a follow-up survey that included questions about health, sleep, and

academic performance three months after the experiment. The response rate to our follow-up survey was 46%, and

thus, the results should be interpreted with some caution. However, there is little evidence of systematic selection when

examining the baseline characteristics of those who did not respond to the follow-up survey (see Table D.15). Subjects

not responding to this survey tended to be older and were more likely to be African-American than the respondents.

Nonetheless, most characteristics are not significantly different between the two samples.

Subjects receiving any incentive during the experiment had significantly higher sleep quality 3 months after the end

of the experiment compared to those not treated (see table D.16)22. Additionally, those who had a higher achievement

rate for their bedtime targets also reported better sleep quality. There is little evidence of changes in self-reported

health, but treated subjects were 1.4 percentage points less likely to report very poor health status.

Finally, we investigated the qualitative effects of our intervention on academic performance (see Table 2.6). Sleep

duration and regularity were found to be directly related to grade changes—those who slept longer, slept more regularly

between 7 and 9 hours, and were less likely to sleep less than 6 hours experienced larger grade increases than those

who did not. Having greater variance in sleep was associated with decreases in self-reported percentile rank. Being

a part of any treatment group is associated with a 6.3-point increase in percentile rank with respect to one’s own

percentile rank before the experiment. Having a higher rate of compliance with the treatment, through meeting the

target, was also associated with an increase in the letter grade—those who met the target more than 50% of the time

had a 0.162-point greater increase in their letter grades than those who met their target less than 50% of the time.

2.5.2 Incentives to Sleep and Time-Use Allocation

A natural question is whether and how the allocation of time changed in response to our intervention. Individuals

may compensate insufficient sleep at night by napping during the day or by sleeping longer during the weekend. Other

studies find significant effects of naps on productivity and well-being (Bessone et al., 2018; Monk et al., 2001). We

investigated whether our intervention affected the time allocated to naps. Only 5% of the subjects reported any sleep

lasting less than 2 hours between 7 am and 7 pm during weekdays. Although nap duration is negatively correlated
22Because different waves of the experiment had different follow-up sleep questions, their answers are made into z-scores in order to be

comparable across waves. Waves 1 through 4 had questions about the number of days without enough sleep, the number of days the subject nodded
off, the percent of time their bedtime was before midnight, and the percent of time the subject slept more than 7 hours. Wave 4 also had a question
about the number of sleep hours per night. Wave 5 only had questions on the number of sleep hours and whether their sleep habits had improved
since the period before experiment.
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with sleep duration at night (-0.13) and individuals sleeping between 7 and 9 hours are significantly less likely to

report any naps (-3.89%), we find no evidence that our intervention systematically affected the likelihood of taking a

nap and the nap duration (see Table D.17, columns 1–4). Thus, unsurprisingly, the results are substantially unchanged

when we include controls for napping behavior (columns 5–6). We also find no evidence of subjects changing their

weekend sleep duration during the intervention in response to the longer sleep duration induced by the incentives

during the week. In fact, during the three weeks of the intervention, treated subjects were sleeping longer also during

weekend (Table D.18). Although the effects are less precisely estimated than when analyzing the treated nights, the

point estimates are not statistically different. Overall, these results are consistent with habit formation.

The subjects may also reallocate their time devoted to other activities when receiving incentives to go to bed

earlier and to sleep longer. Using time-use diaries, we directly examine the effects of our incentives on individual

time allocation. Time-use data are available for approximately 72% of the participants, and thus, results should be

interpreted with some caution. The subjects not responding to the time-use surveys were younger, more likely to be

Blacks, and were 10% more likely to report less than 7 hours of sleep during a typical night of the term, although this

difference is only marginally significant (see Table D.19).

As mentioned above, consistent with previous evidence (Lauderdale et al., 2008a), we find that individuals tend

to overestimate sleep when using time-use diaries. Indeed, there is no evidence that the subjects sleep longer during

treatment when using time-use data and examining the likelihood of reporting between 7 and 9 hours of sleep (Table

2.7, columns 1–3). However, individuals do report significantly lower likelihood of sleeping less than 6 hours (-66%

with respect to the mean, column 3). When examining other activities, we find no significant evidence that the increase

in sleep duration was associated with a change in time spent studying, working, on personal care activities, exercising,

relaxing, hanging around with friends or on the Internet, although we may be have not sufficient statistical power to

identify some of these effects. Interestingly, the only activity that is systematically and significantly less likely to be

reported under the intervention is “watching TV videos” (column 5, panel B). Indeed, for those who complied with the

treatment, screen time after 8 pm declined by 13 minutes (see column 1 of Table D.20), equivalent to a 48% reduction

with respect to the average screen time (45 minutes) observed in the sample. Among those who achieved the target at

least half of the times, the coefficient decreases by 40% after the incentive is removed, but it is still economically and

statistically significant. We find similar results when considering the likelihood of spending any amount of time on

TV, Internet, or video games. Those achieving the target during the intervention are 12.5 percentage points less likely

to report any screen time. This is equivalent to 33% of the sample mean. After the incentive is removed, the subjects

who achieved the target on most nights are 8 percentage points less likely to report any screen time (a 20% effect with

respect to the mean).

These results are consistent with recent research suggesting that screen time near bedtime is associated with lower

sleep duration (Billari et al., 2018; Nie and Hillygus, 2002; Twenge et al., 2017).
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2.5.3 Additional Findings: Sleep Regularity, Structure and Size of the Incentives

This section reports some additional findings regarding the effect of our intervention. Interestingly, the monetary

incentives affected the regularity of sleep, bedtime, and waking time, reducing their variance (Table D.21). However,

these effects did not persist after the removal of the incentive.

We do not find statistically significant differences when examining the role of the frequency and the structure of the

incentives (Table D.22). In fact, the weekly incentive has stronger post-treatment effects, although these differences

are not precisely estimated, and thus, should be interpreted with caution.23

Finally, we explore the role of incentive size. Using a smaller monetary incentive and eliminating loss framing

leads to effects that are smaller and non-precisely estimated. In particular, the effects of weaker incentives on the

likelihood of reporting between 7 and 9 hours are about 50% lower and non-significant (Table D.23). Furthermore,

while the effect of larger monetary incentives survives the inclusion of individual fixed effects, the point estimate of the

weak incentive treatment is close to zero. Unsurprisingly, given the lack of in-treatment effects, we find no evidence

of post-treatment effect. However, consistent with what we found earlier, the effects are larger and more precisely

estimated when focusing on the likelihood of sleeping less than 6 hours. Pooling all the treatments (1–3) in one, we

substantially confirm the main results (see Table D.24) while increasing the precision of the point estimates as the

sample size increases.

2.6 Conclusion

Statistics reveal that many individuals sleep less than the recommended number of hours. There are several factors

affecting individuals’ sleep choices. Understanding how to improve health habits is crucial in designing policies

aimed at promoting healthier behavior. As pointed out by Charness and Gneezy (2009), people tend to underestimate

the impact of current actions on future utility and discount the future too much. Our evidence suggests that this

tendency also characterizes sleep behavior. The prevalence and persistence of behavioral biases in the sleep domain is

particularly interesting given the repeated feedback individuals receive on sleep throughout their lives (Huffman et al.,

2018).

We studied sleep choice, and whether commitment devices as well as monetary incentives can improve sleep

behavior among students. We find supportive evidence for sophisticated time-inconsistent preferences in sleep choice.

The subjects in our experiment chose commitment devices even if this meant a lower monetary reward in expectation.

Present-biased subjects were more likely to be sleep deprived at baseline, but many of them committed to dominated

bedtime or sleep duration targets. Subjects choosing more demanding targets were also more likely to achieve them,

23In the biweekly treatment, we regard as post-treatment any week after the first week of treatment during which subjects did not receive a
monetary incentive. Using an alternative definition and focusing only on the last week of the experiment (week 8), we find similar results.
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with the exception of those who were classified as overconfident. Indeed, many subjects tended to be overconfident in

their own sleep duration and quality and were more optimistic about themselves than about others when assessing the

risks associated with insufficient sleep. Overconfident individuals were more likely to be sleep deprived at baseline

and more likely to select overly optimistic targets, and thus less likely to achieve them. Risk aversion was associated

with better sleep and a higher likelihood of achieving target during the intervention.

Our incentives improved sleep behavior and led to some habit formation effects, with subjects in the treatment

groups sleeping longer even after the incentives were removed. Furthermore, monetary incentives increased sleep

regularity, reducing the variance of bedtime, wake-up time, and sleep duration. Finally, we show that incentives to

sleep may also have positive effects on academic outcomes, although these results are at best suggestive and further

research is needed to establish this finding. When receiving incentives to sleep longer, individuals significantly reduced

screen time (watching TV and videos), while time spent with friends, working, or studying were not affected. Overall,

these results give us a more nuanced understanding of sleep choice. Despite many economic models regarding sleep

as an exogenous and homogeneous constraint on time, we provide evidence that behavioral biases play an important

role and affect the heterogeneity of choice.

Our findings suggest that dynamic inconsistency and overconfidence can persist in the face of extensive experience

and feedback. Thus, interventions only based on information (i.e. educational programs on sleep hygiene or fatigue

management) may not be effective in the presence of these behavioral biases. Self-control problems may lead to pro-

crastination with subjects repeatedly placing higher weight on immediate outcomes, and constantly delaying the start

of good sleep habits. Also, people with motivated beliefs may be able to suppress the recall of objective feedback chal-

lenging their self-image, so that the simple provision of information may be ineffective in correcting misperceptions.

Yet, to the extent subjects become more aware of their time inconsistent preferences due to the repeated feedback,

sleep is also a domain where demand for commitment may be relevant and commitment devices effective. We show

that appropriate incentives can be used to improve an individual’s sleep behavior. Incentives to go to bed earlier and to

sleep longer sleep were effective, suggesting that there is a cost to sleep, either in effort or in alternative uses of time,

which can be compensated with a monetary payment.

Our findings also suggest that commitment devices and incentive structures may be more effective than planning

tools at improving sleep behavior (Handel and Kolstad, 2017), and that temporary interventions, as those adopted

by some companies, may have persistent effects, particularly when individuals lack a commitment device in natural

settings. Providing incentives and commitment devices may help time inconsistent and overconfident individuals

improve their sleep habits. Incentives and commitment devices may promote better sleep behaviors among subjects

with self-control problems in the form of a time-inconsistent taste for immediate gratification (O’Donoghue et al.,

2006), and with overconfidence as a result of motivated beliefs resilient to repeated information (Bénabou and Tirole,

2016). Incentives may also mitigate the role of motivated reasoning (Zimmermann, 2019). At the same time, our

results imply that interventions that help individuals form routines conducive to healthy sleep habits (i.e., reduced
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screen time) may have longer-lasting effect.

The results on academic achievement, self-reported health, and heart rate efficiency support the growing evidence

suggesting that sleep is a fundamental input for human capital and health. Taken together, the evidence on the behav-

ioral factors behind sleep choice and the direct effects of sleep on health and productivity indicates the importance

of not treating sleep as a mere time constraint, as well as the need to account for its direct effects on productivity of

waking hours. The potential effects of our intervention on post-treatment sleep behavior, health outcomes, and human

capital suggest the significance of further research along this line. Future research efforts exploiting larger samples

may shed further light on the human capital and health effects of interventions aimed at improving sleep duration

and quality. Future studies could also explore the relative effectiveness of non-monetary incentives and alternative

commitment devices in nudging individuals into healthier and persistent sleep habits.
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2.7 Figures

Figure 2.1: Design Illustration
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Figure 2.2: Sleep Duration Before Intervention

Notes - Data are drawn from the Fitbit devices during week 1 and 2 of the experiment before starting the intervention.
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Figure 2.3: Sleep Duration Before Intervention

Notes - Data are drawn from the Fitbit devices during week 1 and 2 of the experiment before starting the intervention.
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Figure 2.4: Insufficient Sleep

Notes - Data are drawn from the Fitbit devices during week 1 and 2 of the experiment before starting the intervention.

Figure 2.5: Sleep Duration Over the Week

Notes - Data are drawn from the Fitbit devices during week 1 and 2 of the experiment before starting the intervention.
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Figure 2.6: % of Subjects Choosing Bedtime Before 1 am

Notes - Data are drawn from the weeks of intervention.
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Figure 2.7: % of Subjects Choosing Sleep Target >7 hours

Notes - Data are drawn from the weeks of intervention.
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Figure 2.8: Bedtime Targets and Pre-treatment Bedtimes

Notes - The figure presents average pre-treatment bedtime and target bedtime in the first treatment week by subjects. Bounded observations have been removed to
alleviate bounding concerns.
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Figure 2.9: Bedtime Targets and Predicted Bedtime

Notes - The figure presents predicted and target bedtimes by subjects. Bounded observations have been removed to alleviate bounding concerns.
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Figure 2.10: Overconfidence and Beliefs

Notes - The figure plots the relationship between how many hours subjects predict to sleep in the following week and the difference between self-reported sleep and
sleep as measured by fitbits the night before the survey.
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Figure 2.11: Achievement

Notes - Data are drawn from the weeks of intervention.
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Figure 2.12: % of Nights Bedtime Target was Met

Notes - Data are drawn from the weeks of intervention.
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Figure 2.13: % of Nights Sleep Duration Target was Met

Notes - Data are drawn from the weeks of intervention.
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2.8 Tables

Table 2.1: Time Preferences and Sleep Duration at Baseline

(1) (2) (3) (4) (5) (6)
Self-reported (Day 1 Survey) Actual Sleep (Fitbit)

Sleep hours Sleep<7hrs 7≤Sleep≤9 Sleep hours Sleep<7hrs 7≤Sleep≤9
Panel A: Present-Bias

Present-biased -0.1067 0.0438 -0.0566 -0.2914 0.0929 -0.1034
(0.142) (0.069) (0.069) (0.284) (0.069) (0.068)

Observations 319 319 319 319 319 319
Mean of Dep. Var. 6.845 0.458 0.522 7.078 0.465 0.468
Std.Dev. of Dep. Var. 0.984 0.499 0.500 1.979 0.500 0.500

Panel B: Impatience

Impatient 0.2374 0.0140 -0.0381 0.1315 -0.0352 0.0099
(0.269) (0.066) (0.067) (0.243) (0.066) (0.066)

Observations 319 319 319 319 319 319
Mean of Dep. Var. 6.895 0.462 0.516 6.895 0.500 0.465
Std.Dev. of Dep. Var. 1.380 0.499 0.501 1.667 0.501 0.500

Panel C: Risk Aversion
Risk Averse 0.2873** -0.1507** 0.1747** 0.2043 -0.0878 0.0970

(0.134) (0.073) (0.073) (0.341) (0.076) (0.077)

Observations 319 319 319 319 319 319
Mean of Dep. Var. 6.845 0.458 0.522 7.078 0.465 0.468
Std.Dev. of Dep. Var. 0.984 0.499 0.500 1.979 0.500 0.500

Notes - Data are drawn from the first-day survey (columns 1-3) and the Fitbit data for the first two weeks of the experiment before intervention (columns 4-6).
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Table 2.2: Perceived Own and Other’s Sleep Quality and Sleep Deprivation Risks

Own Others Difference

Variables Mean Std.Dev Mean Std.Dev Mean Std.Dev

Sleep quality (1-10) 6.67 1.58 6.08 1.35 0.58 1.73

Sleep duration 6.92 0.91 6.60 0.97 0.31 1.24

Sleep deprivation risks for:

Mental alertness (1-100) 25.96 12.80 59.73 24.26 -33.93 24.76

Weight gain (1-100) 39.20 24.54 51.17 22.40 -12.00 22.95

Insomnia (1-100) 23.10 17.86 35.32 21.95 -12.72 19.88

Getting a cold (1-100) 37.84 23.50 45.46 25.01 -7.88 20.86

Arterial (1-100) 30.65 21.98 34.51 22.16 -3.34 18.47

Average risk 31.81 13.02 45.40 16.78 -13.72 13.74

Observations 319 319 319 319 319 319

Notes - We report averages and standard deviations obtained from our day 1 of the experiment survey.

Table 2.3: Overconfidence and Sleep Duration (Self-reported vs Fitbit Data)

Self-reported (Day 1 Survey) Actual Sleep (Fitbit)

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

Sleep hours Sleep<7hrs 7≤Sleep≤9 Sleep Hours Sleep<7hrs 7≤Sleep≤9

Overconfident 0.8867*** -0.3441*** 0.3695*** -1.1449*** 0.2824*** -0.2179***

(0.109) (0.059) (0.059) (0.259) (0.066) (0.066)

Observations 319 319 319 319 319 319

Mean of Dep. Var. 6.845 0.458 0.522 7.078 0.465 0.468

Std.Dev. of Dep. Var. 0.984 0.499 0.500 1.979 0.500 0.500

Notes - Data are drawn from the first-day survey (columns 1-3) and the Fitbit data for the first two weeks of the experiment before intervention (columns 4-6).
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Table 2.4: Incentives and Sleep

(1) (2) (3) (4)

VARIABLES 7<Sleep<9 Sleep<6 hours

Treatment 0.0850*** 0.0493*** -0.0584*** -0.0316*

(0.024) (0.018) (0.022) (0.016)

Post-Treatment 0.0418 0.0053 -0.0589* -0.0422**

(0.038) (0.024) (0.032) (0.021)

Individual fixed effects YES YES

Observations 7,690 7,690 7,690 7,690

Individuals 280 280 280 280

Mean of Dep. Var. 0.453 0.453 0.250 0.250

Std.Dev. of Dep. Var. 0.498 0.498 0.433 0.433

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment wave
and the location of the experiment (Oxford, Pittsburgh). Columns 2 and 4 include individual fixed effects. Standard errors clutered at the individual level are reported in
parentheses.
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Table 2.5: Incentives to Sleep and Other Outcomes (Fitbit Data)

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

VARIABLES Sleep Efficiency Low Resting Heart Rate Sedentary Minutes

Treatment 0.1984 -0.2502 0.0392 0.0145 -14.2803** -9.1444*

(0.575) (0.373) (0.028) (0.010) (6.811) (4.860)

Post-Treatment 0.6906 -0.3316 0.0848* 0.0026 -1.3966 5.2014

(0.701) (0.285) (0.045) (0.022) (10.765) (7.249)

Individual fixed effects YES YES YES

Observations 7,690 7,690 7,690 7,690 7,690 7,690

Mean of Dep. Var. 92.65 92.65 0.203 0.203 720.3 720.3

Std.Dev. of Dep. Var. 8.459 8.459 0.403 0.403 143.7 143.7

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment
wave and the location of the experiment (Oxford, Pittsburgh). Columns 2, 4, and 6 include individual fixed effects. Standard errors clutered at the individual level are
reported in parentheses.
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Table 2.6: Correlations with Academic Achievement

(1) (2)

Letter Grade Change Percentile Change

Sleep measures:

7<Sleep<9 0.710*** 8.421*

(0.183) (4.636)

Sleep<6 -0.557*** -14.49***

(0.171) (4.361)

Sleep Duration 0.0753** 1.654*

(0.035) (0.884)

SD of Sleep -0.0619 -2.681*

(0.0647) (1.559)

Incentives:

Any Treatment -0.0459 6.304**

(0.115) (3.069)

Large Treatment -0.0626 8.738**

(0.127) (3.636)

Compliance:

Achievement Rate 0.422*** 3.386

(0.151) (3.023)

High Achiever 0.162* 2.627

(0.084) (2.384)

Notes - Each cell reports the raw correlation between
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Table 2.7: Incentives and Time Allocation

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

Panel A Sleep (hours) 7< Time Use Sleep < 9 6< Time Use Sleep Total Study hours Total Work hours Total Care hours Total Exercise hours

Treatment 0.041 -0.004 -0.045** 0.055 -0.106 -0.013 -0.022

-0.144 (0.044) (0.022) (0.206) (0.153) (0.087) (0.053)

Post-Treatment -0.06 -0.066 -0.029 -0.103 0.107 -0.065 -0.062

0.155 (0.045) (0.025) (0.246) (0.170) (0.100) (0.072)

Observations 1,363 1,363 1,363 1,363 1,363 1,363 1,363

Number of id 215 215 215 215 215 215 215

Mean of Dep. Var. 8.212 0.591 0.0602 4.864 1.982 2.900 0.425

Std.Dev. of Dep. Var. 1.727 0.492 0.238 3.340 2.823 1.329 0.773

Panel B Total Relaxing hours Total Other hours Total Social hours Total TV&Internet hours Total TV hours Total Internet hours Total Gaming hours

Treatment 0.051 -0.008 0.165 -0.114 -0.175* 0.112 -0.052

(0.171) (0.094) (0.130) (0.140) (0.105) (0.092) (0.066)

Post-Treatment 0.244 -0.188 0.338** -0.094 -0.328*** 0.340*** -0.107**

(0.223) (0.119) (0.167) (0.166) (0.117) (0.126) (0.050)

Observations 1,363 1,363 1,363 1,363 1,363 1,363 1,363

Number of id 215 215 215 215 215 215 215

Mean of Dep. Var. 4.066 1.550 1.800 2.266 0.858 1.145 0.263

Std.Dev. of Dep. Var. 2.511 1.530 2.065 2.076 1.376 1.569 0.848

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment
wave and the location of the experiment (Oxford, Pittsburgh). All estimate include individual fixed effects. Standard errors are clustered at the individual level.
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3.0 The Mortality Effects of Community Mental Health Centers (Co-Author: Jessica LaVoice)

The Community Mental Health Act of 1963 established Community Mental Health Centers (CMHCs) across the

country with the goal of providing continuous, comprehensive, community-oriented care to people suffering from

mental illness. In this paper, we construct a novel dataset documenting the rollout of CMHCs from 1971 to 1981 to

identify the effect of implementing a CMHC on county level mortality rates, focusing on causes of death related to

mental illness. We find evidence that CMHCs reduced suicide rates among whites between the ages of 15 and 24 by

4%. CMHCs were particularly effective in reducing deaths from homicide and alcohol in the non-white population,

with non-whites experiencing a 5% decline in homicide rates and non-whites age 45 to 64 experiencing an 11%

decline in deaths caused by alcohol. The effect on mortality for non-white people is focused in rural areas. These

results suggest CMHCs were effective in reducing mental illness related mortality, particularly in populations with the

greatest need and least access to alternative forms of treatment.

3.1 Introduction

Mental illness is a worldwide concern with negative impacts at both the individual and societal levels. As of 2016,

1 in 5 adults lives with a mental illness in the United States, and 1 in 25 lives with a mental illness serious enough to

make them unable to actively participate in one or more parts of their lives (Abuse and Administration, 2018). In 2001

the World Health Organization estimated that serious mental illness cost the United States $193.2 billion each year in

lost earnings alone and identified depression as the leading global cause of disability (2001). The negative impacts

for the individual and society include lower employment rates and earnings, higher likelihood of violent or criminal

behavior, and homelessness (Frank and McGuire, 2000). Between the personal distress caused by the symptoms of

mental illness and the negative individual and societal effects of mental illness as describe above, the treatment and

management of mental illness is of growing concern to national and international health organizations.

While certain forms of treatment have been shown to be effective at ameliorating some of these negative effects

(Mintz et al., 1992; Zhang et al., 1999b,a; Lang, 2013), it is often difficult for people to access effective treatment.

The private market for mental health care suffers from inefficiencies and inequities that makes it unable to cope with

growing mental health care needs. Insurance providers have been wont to provide adequate coverage for mental health

needs due to concerns about overuse and treatment efficacy (McGuire, 1981; Keeler et al., 1988; Mechanic, 2014) and

insufficient mental health resources, such as psychiatric beds and medical providers, prevent patients who are seeking

help from being able to get it (Mechanic, 2002; Sipe et al., 2015). Decreased earning ability, negative stigmas, and the

decreased ability to make decisions associated with (serious) mental illness prevent those who need mental healthcare
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from accepting it (McGuire, 1981; Mechanic, 2002; Rowan et al., 2013; Mechanic, 2014). Furthermore, inequalities

in access to care arise along income level and insurance coverage, both of which are negatively associated with the

severity of mental illness (Schlesinger and Dorwart, 1984; Mechanic, 2002; Rowan et al., 2013; Mechanic, 2014).

These inequalities also exist along urban/rural lines, with rural areas having fewer available services and patients in

rural areas being less likely to be able to get treatment for mental illness from a specialized mental health care provider

(Blank et al., 1995; Mechanic, 2014; Sipe et al., 2015). Between these inefficiencies and the positive externalities

associated with treatment, mental health care is a prime candidate for government intervention.

Publicly provided community care provides an potential solution to these concerns with private market provision

of mental health treatment, and the World Health Organization recommends community care as the gold standard

worldwide (2001). Community care, as opposed to institutionalization, allows patients to live and work within the

community while receiving outpatient treatment services. There is currently little evidence about the efficacy of

community care.1 The United States had it’s first experiment with community care in the 1950s through 1980s with

the passage of the Community Mental Health Act (CMHA) and the establishment of Community Mental Health

Centers (CMHCs).2 The goal of this program was to shut down the mental institutions that were providing mental

health care to the seriously mentally ill, and to replace them with a system of community care.

In this paper, we utilize the United States’ experiment with CMHCs to analyze the efficacy of publicly provided

community care in terms of mental illness related mortality. We use the rollout of CMHCs over the course of 10

years - 1971 to 1981 - to identify the effect of implementing a CMHC in a county on mortality rates. To do this we

construct a novel data set of the county-level location of CMHCs every two years within this time-frame to establish

which counties ever received a CMHC and when. Also, we constructed a novel data set of state priority rankings, in

which states ranked counties in terms of need for mental health resources. While the construction of CMHCs were

intended to follow these priority rankings, we show that these rankings do not predict which communities ever got

CMHCs, nor do they predict which communities got CMHCs earlier rather than later. The lack of correlation between

state rankings and treatment assists in the identification of treatment effects, and we take additional steps to address

concerns regarding potential correlations between pre-existing mortality trends and selection into treatment. Due to the

structure of our data and the randomness in receiving a CMHC, we are able to causally identify the effect of receiving

a CMHC through a generalized difference-in-difference strategy.

While this paper is the first to quantitatively analyze the effect of community care on mental illness-related mor-

tality, the CMHA has received plenty of qualitative scholarly attention. The conclusions of this work have been

overwhelmingly negative. This program has long been regarded as a failure, charged with the “general abandonment”

of the formerly institutionalized mentally ill and disabled population (Rose, 1979) and “the creation of large popula-

1Community care is associated with less stigmatization of the mentally ill (Link and Cullen, 1986; Boyd et al., 2010) and better post-
hospitalization outcomes for the mentally ill compared to no follow-up treatment (Stein and Test, 1980). This form of care has been found to
be more cost effective than institutionalization (Weisbrod et al., 1980; Test and Stein, 1980; Weisbrod, 1983) based on cost of care and the usage
decisions of patients.

2See Morrissey and Goldman (1986) for an account of the history of mental health treatment in the United States.
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tions of ‘homeless, deranged people’ ” (Grob, 1994). This literature highlights two main reasons why the CMHA was

considered unsuccessful: the program was never fully funded and far fewer CMHCs were built than were projected

to be needed (Rose, 1979; Grob, 1994); and CMHCs were neither designed nor incentivized to treat the seriously

mentally ill that were being forcibly released from mental institutions (Gronfein, 1985; Grob, 1994).3 Because the

creation of CMHCs was wrapped up with the deinstitutionalization of the mentally ill and seen as an alternative to

mental institutions, their inability to treat everyone that was deinstitutionalized led to the conclusion that they were

ineffective and a failed policy experiment.4 However, CMHCs ultimately served a different population, those that were

not mentally ill enough to warrant institutionalization but who could not otherwise access treatment in their commu-

nities. Therefore, the goal of this paper is to consider the efficacy of community care as provided by CMHCs, rather

than the success or failure of the Community Mental Health Act as a whole. Our paper is the first to isolate the effect

of community care from the overarching failure of the CMHA outside of the political context of the United States’

first attempt at publicly provided community care.

Despite the negative conclusions from the previous literature on the CMHA, this paper shows that CMHCs were

effective in reducing mental health related mortality for those who were most at risk. We find evidence that CMHCs

reduced suicide rates among whites between the ages of 15 and 24 by 4%. CMHCs were particularly effective in

reducing deaths from homicide and alcohol in the non-white population, with non-whites experiencing a 5% decline

in homicide rates and non-white adults experiencing an 11% decline in deaths caused by alcohol. The effect on

mortality for non-white people is focused in rural areas. These results suggest CMHCs were effective in reducing

mental illness related mortality, especially in populations with the greatest need and least access to alternative forms

of treatment.

Due to the negative associations of CMHCs with the problems of deinstitutionalization and growing financial

burden of mental illness on the national government, the CMHA was effectively disbanded in 1981 and replaced

with mental health block grants to the states. Back of the envelope calculations, however, show that if the program

was extended to the full 2000 CMHCs anticipated to be required to fully support the entire US population and were

operational through the 1980s, 828 fewer deaths from suicide, 792 fewer deaths from homicide, and 234 fewer deaths

from alcohol-related mortality would have occurred during the 1980s. These results only measure improvements

in mortality; we would also expect improvements in other areas correlated with these improvements in mortality,

such as improved quality of life, increased employment, increased earnings, decreased homelessness, and decreased

3This is due to the fact that the treatment of serious mental illness is much more costly and requires more resources and specialized training
compared to the treatment of non-serious mental illness, and extra funding was not provided for providing treatment to the seriously mentally ill. In
effect, the government policy treated every mental illness as equally costly, which then incentivized CMHCs to focus on non-serious, less expensive
mental illnesses. Additionally, the community care setting could not provide day-to-day services, such as housing, basic care, and medication
management, that patients in mental hospitals received and that this patient body needed assistance with in order to function in daily life (on the
Homeless, 1990).

4By the beginning of our sample period, over half of the deinstitutionalization that would occur in this period had already happened (Gronfein,
1985). Additionally, because most mental health patients were at state mental health hospitals, deinstitutionalization can be seen as a state-wide
effect - patients from all around a state would be sent to the state’s mental health hospital, and upon release would be sent to another institution,
such as a nursing home, or back to their home communities.
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incarceration. As the United States and other countries address the growing need for mental health care, publicly

provided community care is a potential solution that should be considered.

3.2 Background Information

3.2.1 Effect of Mental Health and Mental Health Treatment

Mental illness is associated with a host of costly problems for the individual and society. Mental illness has been

found to cause increased unemployment and impoverishment (Hamilton et al., 1997), decreased labor market partic-

ipation (Mullahy and Sindelar, 1993), decreased work hours and income conditional on employment (Benham and

Benham, 1982; Bartel and Taubman, 1986; Ettner et al., 1997; Marcotte and Wilcox-Gok, 2003), higher absenteeism

(French and Zarkin, 1998), more transitions into and out of the labor market (Roan Gresenz and Sturm, 2004), perfor-

mance deficits (Lerner and Henke, 2008), and even decreased coworker performance (Ettner et al., 2011). The total

economic burden of serious mental illness in 2002 was estimated to be $317.6 billion, with $193.2 billion due to lost

earnings (Insel, 2008). Mental illness is also associated with decreased educational attainment (Currie and Stabile,

2006; Fletcher, 2008; Eisenberg et al., 2009), decreased social connectedness and problems with social relationships

(Kirk, 1974; Bartel and Taubman, 1986; Kelleher et al., 1994; Kessler et al., 1998; Teitler and Reichman, 2008), vio-

lent and criminal behavior (Link et al., 1992; Steadman et al., 1998), incarceration and homelessness (Jemelka et al.,

1989; Harcourt, 2011; Raphael and Stoll, 2013), decreased quality of life (Saarni et al., 2007), and excess mortality

(Brown et al., 2000; Saha et al., 2007; McGrath et al., 2008; Druss et al., 2011; Thornicroft, 2011), especially for the

seriously mentally ill. While this list provides a plethora of outcomes that CMHCs could have affected, we focus on

mortality due to this being the most extreme and substantial concern related to mental illness.

There is limited evidence evaluating the impact that mental health treatment has on economic outcomes. The

treatment of depression using medication and psychotherapy has been found to decrease depressive symptoms and

return depressed people to work (Mintz et al., 1992), making treatment either cost-neutral or beneficial based on the

increased earnings and the cost of treatment (Zhang et al., 1999b,a). The effect of changing access to treatment is

even less well understood. Lang (2013) finds that laws requiring that health insurance include mental health benefits at

parity with physical health benefits lead to a decrease in the suicide rate by 5%. However, these benefits are restricted

to the subset of the population with health insurance, which is likely not universal in the population of the mentally

ill due to the negative employment and earnings effects of mental illness. This will attenuate the potential effect that

increased access could have on mental health related mortality. Because CMHCs were available to everyone regardless

of income or insurance coverage, we will be able to get a better grasp of how increases in access would affect mortality

for the entire population.
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3.2.2 Evidence on Publicly-Provided Health Care

While the public provision of mental health care has a history mostly limited to the CMHCs, there has been

more attempts to provide (physical) health care through public provision. A recent federally funded program to

provide free breast and cervical cancer screenings, analyzed in Bitler and Carpenter (2019), increased the probability

of being screened by about 3 to 6 percentage points for eligible women. In a more historical context, Bailey and

Goodman-Bacon (2015) analyze another community health program: Community Health Centers (CHCs). Compared

to CMHCs, CHCs provided care in a similar way and to a similar population, but the care they provided was for

physical, rather than mental, health. They find a 2% decrease in mortality for people ages 50 and over, with effects

concentrated in cerebrovascular diseases. Additionally, they find that the timing of the roll out of CHCs had little to

do with underlying need or planned development, citing the “great administrative confusion” that led to CHCs being

approved and developed almost at random. We show that the roll out of CMHCs was also inconsistent with prior plans

and priority rankings.

3.2.3 Historical Context of Community Mental Health Act

During the early 1960s, community-based care was considered a “bold new approach” to the treatment of the

mentally ill. To stimulate the usage of community care techniques, President Kennedy signed the Community Mental

Health Centers Construction Act of 1963. This act provided a three-year authorization for grants totaling $150 million

to fund the development and construction of Community Mental Health Centers (CMHCs) across the country.

This act mandated community focused treatment centers be regionally planned and oriented toward prevention. To

be eligible for federal funds, states had to first submit a comprehensive plan to the Department of Health, Education,

and Welfare (HEW). This state plan was required to designate an agency to administer the plan, as well as an advisory

council with broad representation. State mental health planning reports outlined the condition of mental health services

available at the time of compilation, the mid-1960s, and contained recommendations for improvements.

The state plan was also required to develop a proposal for the construction of community mental health centers.

The construction plan defined and prioritized catchment areas serving a population of 75,000 to 200,000 people. When

determining the priority of each catchment area, states were required to target especially needy populations and, as

such, priority was largely determined by demographics correlated with the need for mental health services including

median family income, the infant mortality rate, and alcoholism rates. Priority of catchment areas was also impacted

by the current availability of mental health resources in each community, such as construction projects approved in

previous years and the number of psychiatrists in an area.

For a project to be approved, it was required to have priority over other projects within the state. Funds were

to be allocated to applicants in areas of greatest unfilled need and in the order of area priority, meaning the neediest

catchment areas would be the first to get CMHCs and other areas could only receive CMHCs after those neediest areas
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were served. However, a 1971 report issued to Congress by the Comptroller General of the United States reviewed

this process and found evidence of considerable discrepancy between funding guidelines and actual spending. For

example, they cite that, although centers were supposed to be funded by need as specified in state plans, California

and Florida had been funding centers with little regard to prioritization (Kenig, 1992).

Under President Johnson in 1965, amendments expanded the original legislation to include funding for staff. This

funding took the form of staffing grants that lasted for 51 months but declined over the life of the grant using a

sliding scale.5 The construction and staffing grant were a “seed money” mechanism to encourage the development of

community focused centers that would eventually be funded by third parties, such as patient fees, local and state funds,

and fundraising. After 51 months, centers were expected to have generated adequate alternative funds. To qualify for

staffing grants, centers were required to offer the following five services: inpatient services, outpatient services, partial

hospitalization, emergency services, and consultation/education programs (Naierman et al., 1978).

In 1967, the CMHC construction grants were extended for three more years and staffing grants for an additional

two years (Kenig, 1992). In the years that followed, it became apparent that centers would not be able to acquire

adequate funds to replace federal funding by the end of 51 months and eligibility for staffing grants was extended to

eight years. A more generous sliding scale was introduced in high poverty catchment areas that left as much as 70

percent of the initial grant in the last year, compared to 30 percent for non-poverty centers. By 1975, in an attempt

to force centers to obtain higher levels of alternative funding earlier in their development, a new sliding scale was

introduced that maintained high initial levels for both poverty and non-poverty centers, but funds declined at a faster

rate.6 Lastly, recognizing that the preventative functions of centers might be the first to be eliminated as funding

diminished, the law provided the only permanent grant mechanism for consultation and education services.

The policies that mostly interacted with the CMHA and the efficacy of CMHCs were implemented at the national

level. The Social Security Disability Insurance (SSDI) program implemented in 1956 and Supplemental Security In-

come for the Aged, the Disabled, and the Blind (SSI) program implemented in 1972, which provided income support

to those whose age or disability made them unable to hold a job, gave credence to the idea that the formerly institu-

tionalized mentally ill could survive in their communities, even without a job, hastening states’ deinstitutionalization

efforts (Grob, 1994). Additionally, the implementation of Medicaid and focus of greater funds towards the Medicaid

program made state hospitalization economically infeasible; therefore, there was a shift towards nursing homes for the

aged and those otherwise unable to care for themselves, and community care for others (Gronfein, 1985; Grob, 1994).

Both of these policies, though cited as motivating deinstitutionalization, are not varying at the county level and the

impacts can be interpreted as state-wide effects.

5This bill authorized $73.5 million dollars for three years (although funding could be spread over fifty-one months to ensure that new centers
receiving grants in the second and third year of the program would have full funding). The sliding scale begin with 75 percent cost coverage and
decreased to 30 percent (Grob, 1994).

6Funds decreased to a 30 percent federal contribution in the eighth year for poverty centers and a 25 percent federal contribution in non-poverty
centers. Another provision of this amendment provided “distress” grants to some of the older centers that failed in finding adequate alternative
funding. These grants were limited to a total of three years and mandated that 7 additional services be provided by the center.
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Under the Carter administration, a new President’s Commission on Mental Health was appointed to revisit the

nations mental health needs and services. The outcome of the commission’s work was a short-lived piece of legislation,

the Mental Health Systems Act, which was passed in 1981, replacing the earlier Community Mental Health Centers

Construction Act with a newly developed approach to providing mental health services.7 However, the 1981 Omnibus

Budget Reconciliation Act repealed most of the previous mental health legislation, including the CMHC Act and the

Mental Health Systems Act, in favor of Alcohol, Drug Abuse, and Mental Health Block Grants to states. These block

grants consolidated funding for services related to mental health, alcoholism, and drug abuse into a block grant starting

in fiscal year 1982. Most CMHCs initially funded prior to 1982 received some portion of each State’s allotment for as

many years as they would have been eligible for basic staffing or operations support when first funded. However, the

amount of the award to each center was not guaranteed.

By the end of the program in 1981, a total of $2,659.3 million was spent on CMHCs.8 Despite the goal of having

mental health care coverage nationwide through the establishment of over 2000 centers, only 781 CMHCs ever existed.

3.2.4 What Did CMHCS Do and Whom Did They Serve?

While these centers were originally viewed as an alternative to mental hospitals, most centers devoted their atten-

tion to the less severely mentally ill by offering preventative services, counseling and crisis interventions; ultimately,

the centers served a drastically different purpose than originally intended (Grob, 1994). Figure 3.1 shows the number

of patient care episodes reported annually from 1971 to 1975. By 1971, just under 300 centers existed that treated

a total of 797,000 patient care episodes. By 1975, over 500 centers existed that treated over 1,961,000 patient care

episodes. In general, most episodes were treated with outpatient services, although inpatient and partial services were

also provided. While we don’t have individual level information about patients, statistical notes compiled by the Na-

tional Institute of Mental Health indicate that, in 1975, about 42% of patients where under the age of 25 and 39% were

between the ages of 25 and 45.9 We also know that whites made up a majority of patients in CMHCs, although the

ratio of non-white to white patients is larger than the ratio of non-whites to whites within the population.

3.3 Data

The data used in this project was compiled from various sources. The locations of CMHCs were identified by

digitizing the Mental Health Directories and the Directories of Federally Funded Community Mental Health Centers.

7Rather than providing twelve services in one center, the Systems act funded a phased-in system of services and rather than providing direct
federal funding, the system called for providing money to states for distribution through individual state departments of mental health.

8$1,552.3 million was spent on staffing and construction grants combined and the rest on other various grants including distress grants for
centers that could not obtain alternative funding and consultation and education grants which were the only ”permanent” grants that did not decline
on a sliding scale.

9Furthermore, females made up about 53% of the patient pool, although, males made up 53% of the patients under the age of 25.
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These directories document the addresses of CMHCs and were published every other year from 1971-1981. The

variation in centers across subsequent editions of these publications allows us to document the roll-out of community

mental health centers nationwide over the 1970s10. The locations and roll-out of CMHCs can be seen geographically

in Figure 3.2, which shows the first year a CMHC was established in a county, with the earlier centers shown with a

lighter color.

We supplement these directories with data obtained from State Mental Health Planning reports, which were re-

quired before a county could be granted funding for community mental health centers. These planning reports defined

catchment areas serving 75,000 to 200,000 people and, in a subsample of states, aggregated multiple counties into one

planning area. Each planning area was ranked according to relative need11. We collect and digitize planning area and

relative rankings for each state that defined planning areas using county boundaries.

Our primary outcome variables are age-adjusted mortality rates. Mortality data was obtained from the Multiple

Cause of Death Vital Statistics published by the National Center for Health Statistics. This data contains the universe

of civilian deaths reported by cause, age, and the decedent’s county residence. We compute age-adjusted mortality

rates from 1969 to 1988 using annual county population estimates from the Surveillance, Epidemiology, and End

Results Program.

We consider the following causes of death due to their relationship in the literature to mental illness: suicide,

homicide, and deaths caused by alcoholism.12 We expect mental health treatment to affect homicide rates for two

reasons: violent and criminal behavior is associated with untreated mental illness (Link et al., 1992; Torrey, 1994;

Steadman et al., 1998), so greater access to treatment would likely decrease these behaviors and thus homicide; and

mental illness, particularly severe mental illness, make people more vulnerable to being victims of all types of crimes,

including homicide (Torrey, 1997; Hiday et al., 1999; Hiroeh et al., 2001; Teplin et al., 2005; Maniglio, 2009). We

use an alternative measure of suicide which combines suicide deaths with accidental gun deaths; in the time-frame

considered here, mental illness and suicide were still stigmatized in much of the country, and coroners would often

mislabel suicides as accidental deaths to protect the family from the knowledge of the real cause of death or from the

scrutiny of the community.

The age-adjusted mortality measures for our outcome variable of interest are shown graphically in Figure 3.3. The

suicide rate remains at about 16 deaths per every 100,000 people over our time period of interest, with our alternative

suicide definition trending similarly around 18 deaths per every 100,000 people. The homicide rate remains at about

8 deaths per every 100,000 people although it drops to about 6 deaths per every 100,000 around 1984. Deaths caused

by alcoholism remain stable at about 2 deaths per every 100,000 over our sample period.

10Between 1966 and 1971 there is data that includes community mental health centers, though it is unclear from the documentation whether
these centers were a part of the CMHA and were expected to follow the guidelines as such. In 1971 and later there are mental health locations called
community mental health centers that were not included under the official category of federally funded community mental health centers, throwing
doubt on whether those CMHCs in pre-1971 documents actually are CMHCs as defined and funded by the federal government.

11These reports were maintained by the National Institute of Mental Health and are available at the National Archives in Maryland.
12We do not include deaths caused by drug dependence because, as seen in Figure F.1, there were very few deaths caused by drug dependence

during our sample period.
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Lastly, we use county level controls such as educational attainment, labor force participation, and income measures

from the decennial censuses. We use 1960 and 1970 data and linear interpolate values for non-census years. Table 3.1

shows averages of our variables of interest in 1960 in counties that would eventually receive a CMHC and counties

that would not. We see that counties receiving a center had higher population rates and tended to be more urban.

Counties that would eventually receive a CMHC had slightly higher educational attainment and a slightly higher labor

force participation rate. Due to differences along these dimensions, we include linear trends of percent less than high

school education, percent with high school education, percent of the population living in an urban area (split into 5

categories), unemployment rate, labor force participation rate as controls in each of our main specifications.

3.4 Identification Strategy

Our primary identifying assumption is that, if any difference between treated and untreated counties existed,

CMHCs were more likely to be placed in counties with higher levels of pre-treatment mental health mortality rates or

relative need. Thus, any selection bias would mitigate our results toward zero. This allows us to identify a lower-bound

on the effects of CMHC on age-adjusted mortality by directly comparing counties that received a center to counties

that did not.

We support this identifying assumption in multiple ways. First, we utilize state preliminary planning reports that

rank catchment areas by relative need to test if centers were being placed in areas based on predetermined need.13

These rankings were established by mental health professionals familiar with the need of mental health services across

the state. While each state had its own ranking algorithm, states were required to target especially needy populations

and, as such, priority rankings were largely determined by demographics correlated with the need for mental health

services including median family income, the infant mortality rate, and alcoholism rates. We calculate z-scores for

priority ranking for each state to determine if higher rankings correspond with an increased likelihood of receiving

a CMHC or with the timing of CMHC rollout. Table 3.2 presents the results of this analysis and shows that having

a higher priority ranking does not increase the probability that a county would receive a center or, conditional on

receiving a center, that higher priority areas would receive centers sooner. This is consistent with a 1971 report issued

to Congress by the Comptroller General of the United States that found evidence of considerable discrepancy between

funding guidelines and actual spending (Kenig, 1992).

Furthermore, we show the extent to which mortality rates predict if a county would eventually receive a CMHC

and the order in which counties received CMHCs. We regress pre-treatment age-adjusted mortality rates of interest on

13We have these planning reports for 29 states: Alabama, Arkansas, Delaware, Florida, Idaho, Indiana, Kansas, Louisiana, Maryland, Mis-
sissippi, Missouri, Montana, Nebraska, New Jersey, New Mexico, New York, North Carolina, Ohio, Oklahoma, South Carolina, South Dakota,
Tennessee, Texas, Utah, Vermont, Virginia, Washington, West Virginia, and Wisconsin. In some instances, particularly in rural areas, centers were
designed to treat multiple counties. Due to the large geographic catchment areas, we find it likely that CMHCs were not accessible to everyone they
were meant to target. Thus, our preferred specification uses counties to characterize treatment status.
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a binary variable which equals 1 if a county would eventually receive a CMHC using a probit regression model. The

results of this regression are presented in Column 1 of Table 3.3. Only homicide rates predict treatment, with higher

mortality counties being more likely to receive a center and to receive a center earlier. In Column 2 of Table 3.3 we

present the results of the regression of year of CMHC opening in a county, conditional on ever getting a CMHC, on

pre-treatment age-adjusted mortality rates. Here, again, we see that only homicide rates predict roll-out, with higher

homicide rates predicting receiving a CMHC earlier. However, these pre-trends on homicide are entirely driven by

homicides of white people, while our results are primarily on homicides of non-white people, so we are less concerned

about the effect this relationship will have on the interpretability of our results.

Lastly, we show that pre-treatment mortality trends are not statistically different between counties that would

eventually receive a center and those that would not. We show this result by estimating the following equation

ycst = α+ β1Y ear + β2CMHCc + β3Y ear ∗ CMHCc + εcst (3.1)

where ycst is an outcome for county c in state s for year t and CMHCc is a binary variable indicating if county c ever

received a CMHC. The coefficient of interest is β3 which identifies any differential trends in age-adjusted mortality

between treat and untreated counties during the pretreatment period. These results are presented in Table 3.4 which

shows that β3 is statistically and economically insignificant across all specifications. Additionally, in section 3.6.1 we

will use an event study framework to show the differential pre-trends for our outcomes of interest.

Given that centers appear to be constructed with little regard to pre-existing mental health mortality trends or rela-

tive need as determined by mental health professionals within each state, we identify the effect of receiving a CMHC

on county level measures of age-adjusted mortality using a generalized difference-in-difference empirical specifica-

tion. Our outcomes of interest include age-adjusted mental health related mortality, including suicides, homicides, and

deaths caused by alcohol dependence. We estimate the following regression equation:

ycst = α+ βCMHCct + θc + γt + λs ∗ t+Xct + εcst (3.2)

where ycst is an outcome for county c in state s for year t, CMHCct is a binary variable indicating if county c received

a CMHC by year t, θc are county fixed effects, γt are year fixed effects, λs ∗ t is a state specific linear time trend, and

Xct is a vector of controls.14 The coefficient of interest is β which estimates the average intention to treat effect. We

also use subgroup analysis to explore if CMHCs were effective in mitigating mental health related mortality within

certain demographics of the population, including race and age.

Mortality may be serially correlated within a county across years so we cluster our standard errors at the county

level.15 However, there is evidence that clustering standard errors (and even robust standard errors) will result in too-

14Controls include linear trends of percent less than high school education, percent with high school education, urban category, unemployment
rate, labor force participation rate.

15See Bertrand et al. (2004) for more information about serial correlation and see Abadie et al. (2017) for more information about clustering
standard errors.
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conservative standard error estimates in this environment.16 We present clustered standard errors and highlight that we

are likely being over conservative in our estimation strategy.

3.4.1 The Expected Effects of CMHCs on Mortality Rates

The expected effects of CMHCs on mortality rates depends both on the incidence of causes CMHCs might prevent

and the effectiveness/availability of CMHCs’ care relative to alternatives. Figure 3.4 show age-adjusted mortality

trends for different subgroups of the population. This figure shows our outcome variables of interest broken down by

the following age groups: 15-24 years old (young), 25-44 (young adult), 45-64 (adult), and 65 and older (elderly).

We see that suicide rates are highest among people over the age of 45, although rates are increasing for the young

population over our sample period. Furthermore, the young adult population is the most likely to be murdered and the

adult population has the highest rate of deaths caused by alcoholism. Given the differences in the baseline mortality

rates of different demographic groups across each cause of death, we expect the effects of access to a CMHCs to differ

along these dimensions.

We know that a disproportionate number of patients of CMHCs were between the ages of 15 and 24. Furthermore,

educational and prevention outreach programs, consisting mostly of outreach to schools, was the only permanent

funding provided to centers. Thus, we would expect to see a greater impact on the younger segment of the population.

It is unclear, ex-ante, whether CMHCs will have a greater impact in urban or rural counties. Centers in urban

counties may have been more accessible, since rural counties are often large and have less extensive public transporta-

tion, leading to greater effects for urban counties. However, rural counties probably didn’t have as many other mental

health resources as urban areas did, meaning that a CMHC entering a rural community could have a greater effect. This

conjecture is supported by statistical notes compiled by the National Institute of Mental Health: admissions to rural

CMHCs were less likely to have had any prior mental health treatment compared to admissions to more urban centers,

and those that had treatment were more likely to have had it from a non-mental health professional, such as a primary

care doctor (Bachrach, 1974). Additionally, more current evidence shows that closures of (general) hospitals in rural

areas causes a larger increase in mortality than closures in urban areas (Gujral and Basu, 2019), pointing towards rural

areas as being more strongly affected by the opening or closing of new health care facilities.

3.5 Results

Our first set of results are shown in Table 3.5. Each entry presents the results for a different regression, with the

outcome variables corresponding to suicide rates, homicide rates, and deaths caused by alcoholism. These results

16See Abadie et al. (2017) for more details about why clustering may be too-conservative. Furthermore, see Goodman-Bacon for a discussion
about the interpretation of generalized Difference-in-Difference coefficients.
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indicate that, on average, CMHCs did not mitigate suicide rates or deaths caused by alcoholism. We do find evidence

that CMHCs caused a decrease in the homicide rate by approximately 4%.17 Due to the differing baseline mortality

rates across demographic groups for our causes of death, we analyze subsamples of the population and find that

CMHCs were particularly effective on certain demographic groups. Panel B and C explore mortality rates for the

white and non-white population respectively. We see that the decrease in homicide rates are primarily driven by the

non-white population.

We explore the impact of CMHCs across different age and racial groups in Table 3.6 and Table 3.7. Table 3.6

focuses on different age groups within the white population. Each panel of this table shows the regression results for

different segments of the population. Panel A limits our sample to only deaths among 15-24 year olds, Panel B to

25-44 year olds, Panel C to 45-64 years and Panel D to those who died at an age of 65 or older. Panel A shows how

CMHCs decreased suicide rates of the young white population by approximately 4%. We find no effects of CMHCs on

homicide rate or deaths caused by alcohol across any ages in the white population. Thus, while there is no statistical

impact of CMHCs on county level mental health mortality for those over the age of 25, CMHCs were particularly

effective of reducing suicide rates among the younger white population. This age group made up the highest patient

share among CMHCs and was likely to benefit from low or no-cost treatment, providing further evidence that CMHCs

were effective at decreasing the morality rates of people visiting centers.

Table 3.7 presents the same specifications for different age groups within the non-white population. While we see

little effect on suicide rates among the non-white population, we see a decline in homicide rates among those over

the age of 25, particularly among 25-44 year olds who experienced a 6% decline in homicide rates and those 65 and

older who experienced an 11% decline. We also see a decline in deaths caused by alcohol among the adult non-white

population. Having a community mental health center in one’s county reduced the number of deaths caused by alcohol

dependence among this population by 11%.

In addition to differential effects based on demographic characteristics, we could expect that urban and rural coun-

ties could have different outcomes.18 Table 3.8 shows the results for non-white mortality are primarily driven by

substantial decreases in homicide and alcoholism-related mortality rates in rural counties. Homicide rates among

non-whites decreased by 13% in rural counties, compared to a statistically insignificant 1% in urban counties. Addi-

tionally deaths caused by alcoholism declined by 28% among non-whites in rural counties compared to a statistically

insignificant 1% decline in urban counties. This is despite there being similar pre-treatment rates of homicide and

17Another policy that could interact with the outcomes of the CMHA and CMHCs is community policing. Community policing is a policing
method that focuses on having the police present and interconnected with their community, with increased focus on maintaining order in the
community, rather than just solving crimes. While there were some, mostly urban, trials with community policing during our sample period,
community policing did not become wide-spread until the 1990s and has not been found to be effective in reducing crime (Cordner, 2014). Especially
since most of the positive effects of CMHCs will be focused in non-urban areas and there is no evidence of substantial overlap between CMHC
implementation and community policing policies being implemented in communities, it seems unlikely that these decreases in homicide are due to
community policing.

18Urban and rural counties are defined as having above and below the median percent of the population in the county living in an urban area,
respectively
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alcoholism-related deaths for non-whites in urban and rural counties.19

3.6 Robustness Checks

In this section, we will consider two robustness checks to evaluate the impact of CMHCs on mental illness related

mortality: an event study framework and a pseudo-boundary analysis.

3.6.1 Event Study Framework

In an event study framework, we estimate the impact of receiving a CMHC by leveraging the randomness in

the timing of the roll-out of CMHCs across space. In this framework, the identification of effects is entirely from

the sample of counties that would ever receive a CMHC, though the impacts of controls are estimated using never-

treated counties. Additionally, the event study framework allows us to visualize whether there differing pre-trends by

treatment.

We estimate the following regression equation:

ycst = α+ θc+ γt+λs ∗ t+Xct+

−2∑
y=−10

πyCMHCc1(t−T ∗c = y)+

15∑
y=0

τyCMHCc1(t−T ∗c = y)+ εcst (3.3)

where ycst is an outcome for county c in state s for year t, CMHCc is a binary variable indicating if county c ever

received a CMHC, θc are county fixed effects, γt are year fixed effects, λs ∗ t is a state specific linear time trend, and

Xct is a vector of controls. The indicator function 1(t−T ∗c = y) indicate years away from T ∗c , the year the CMHC was

implemented in that county. Years more than 10 before the implementation of a CMHC or more than 15 years after

the implementation of a CMHC are represented with dummy variables. The coefficients πy and τy provide estimates

of the effect of getting a CMHC in the years prior to and after the CMHC was built in that community, respectively. In

this environment, null values on the estimates of πy would indicate no differential pre-trends and negative values on

the estimates of τy would represent the treatment effects y years after treatment. Due to the relatively low incidence

rate and the volatile nature of our outcomes of interest, we aggregate data into the following bins: more than 10 years

before; 7 to 10 years before; 3 to 6 years before; 0 to 3 years after; 4 to 7 years after; 8 to 11 years after; 12 to 15 years

after; and more than 15 years after. The category of 1 to 2 years before is omitted as the baseline year.

Figures 3.5 and 3.6 provide the event study graphs for our two main results: the decrease in suicides of whites

and the decrease in homicides for non-whites. These results are consistent with the results found earlier, specifically

that the implementation of CMHCs led to decreases in mortality from suicide for whites and homicide for non-whites.

Additionally, we can argue that, prior to the implementation of the CMHCs, conditions were similar to or worsening

19Figure F.2 in the appendix graphs our mortality rates by the full population across urban and rural counties. Also note that we do not see any
difference across urban and rural mortality rates within the white population. See Table 3.8 in the appendix.
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compared to places that did not get CMHCs. As a robustness check, this analysis allays concerns about selection on

unobservables. Furthermore, with this analysis we can consider how the impact of CMHCs evolved over time. These

results indicate that the impact of CMHCs was fairly immediate and constant over the time period, neither ramping-up

to full capacity nor deteriorating substantially from the initial improvement. Event study graphs for suicide for your

whites, homicide for young adult, adult, and elderly non-whites, and alcohol related mortality for adult non-whites are

appendix Figures F.3-F.7.

3.6.2 Boundary Analysis

In this section, we will provide a pseudo-boundary analysis. We will do this by limiting the sample to all of

the counties that ever received a CMHC and all of the counties adjacent to that initial group. By doing this, we are

potentially focusing on counties that are more similar to each other on unobservables, dealing with potential selection

effects. This brings our sample to 527 counties that ever got a CMHC and 1,537 adjacent counties that never got a

CMHC.

To do this pseudo-boundary analysis, we will estimate Equation 2 with this smaller sample. We are not directly

comparing the treated counties’ outcomes to their adjacent un-treated counties’ outcomes. Instead, we are comparing

the treated counties’ outcomes to the outcomes of any county not yet treated that is adjacent to an ever-treated county.

This is important because, across a given boundary, there is possibly selection on which county is chosen to be treated,

most likely due to urbanity. However, since in this analysis we still control for the set of covariates listed in Equation 2,

we are comparing the outcomes of treated counties to the counties adjacent to other treated counties that have similar

observable characteristics, particularly urbanity.

Table 3.9 presents the boundary analysis results for the total population, the white population, and the non-white

population. While only the impact of CMHCs on non-white homicide remains statistically significant, the results in

this table generally are larger in magnitude, though also less precise. This decrease in precision is likely due to the

substantial decrease in the number of observations. However, the general conclusions of this table remain the same as

with the full sample, as described in Table 3.5.

Tables F.2, F.3, and F.4 replicate Tables 3.6, 3.7, and 3.8, respectively, on this boundary analysis sample. The

results are substantively the same, though in general both the magnitudes and standard errors are larger. The increase

in standard errors is likely due to smaller sample size, whereas the increase in magnitudes suggest that any selection

on unobservables that occurred actually attenuated the effects of CMHCs on mortality.
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3.7 Conclusion

Mental illness is a pervasive and growing problem in the United States and around the world (Organization, 2001;

Abuse and Administration, 2018). The World Health Organization’s suggested solution is for community care, despite

a lack of evidence as to its efficacy in managing mental health. The United States’ experiment with community care in

the 1950s through 1980s provides a context within which to test whether community care could be an effective means

of handling the mental health problem in the United States and the rest of the world.

Since CMHCs were not equipped to treat the seriously mentally ill who were being deinstitutionalized during this

time and less than half of the planned centers were ever built, Community Mental Health Centers have gone down in

history as being completely ineffectual for treating the mentally ill. However, our results suggest that this is not the

case.

We use the roll-out of CMHCs from 1971 to 1981 to identify the effect of implementing a CMHC in a community

on mortality rates. While priority rankings were created by states to establish which areas had the greatest need

for a CMHC, we show that these rankings do not predict which communities ever got CMHCs, nor do they predict

the rollout of CMHCs. This apparent lack of correlation between state priority rankings and treatment allows us to

directly compare treated and untreated counties in identifying the effect of a CMHC on county level mortality rates.

We further show that our pre-treatment outcome variables of interest had similar levels and were experiencing similar

trends before treatment.

We find evidence that CMHCs reduced suicide rates among whites between the ages of 15 and 24 by 4%. CMHCs

were particularly effective in reducing deaths from homicide and alcohol in the non-white population, with non-whites

experiencing a 5% decline in homicide rates and non-white adults experiencing an 11% decline in deaths caused by

alcohol. The effect on mortality for non-white people is focused in rural areas. These results suggest CMHCs were

effective in reducing mental illness related mortality, especially in populations with the greatest need and least access

to alternative forms of treatment.

Death is the most extreme outcome of unmanaged mental illness; other outcomes, such as unemployment, labor

force participation rates, poverty, and divorce rates, all contribute to the decreased quality of life for those suffering

from mental illness. We see our results as a lower bound on the overall impact of CMHCs on the mentally ill and their

communities, and find that, just considering this lower bound, we see substantial improvements in outcomes due to

the implementation of CMHCs.

While CMHCs were implemented in a particular context, being in the United States and the results of a federal

policy with numerous deployment issues, the effects that they had can be informative to our more general understand-

ing of community care. In particular, it seems that community care is most likely to work in environments that are

low in alternative mental health services, as was the case with rural counties in this paper, and for people who have

the highest rates of mental illness-related issues. Additionally, they may be effective at helping not only the mentally
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ill, but also their communities, as the results on homicide rates suggest. While it is outside the scope of this paper to

compare community care with other forms of care, the results suggest that community care does provide some benefits

for the most extreme outcomes, and cautiously indicate that community care is worth considering as a viable option

for public mental health.
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3.8 Figures

Figure 3.1: Patient Care Episodes
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Figure 3.2: Rollout of CMHCs
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Figure 3.3: Age-Adjusted Mortality Summary Statistics
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Figure 3.4: Age-Adjusted Mortality Rates by Age

(a) Suicides (b) Suicide Alt

(c) Homicide (d) Alcohol
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Figure 3.5: Event-Study: Suicide among Whites
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Figure 3.6: Event-Study: Homicide among Non-Whites
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3.9 Tables

Table 3.1: Pre-treatment Differences in Demographics across

Counties

No CMHC Gets CMHC Difference
Population 21170 170757 -149586***

(971) (18601) (8818)
Percent Urban 0.29 0.65 -0.37***

(0.01) (0.01) (0.01)
Percent Less than HS 0.38 0.30 0.08***

(0.00) (0.00) (0.01)
Percent HS 0.55 0.60 -0.04***

(0.00) (0.00) (0.00)
Percent College 0.07 0.10 -0.04***

(0.00) (0.00) (0.00)
LFPR 0.53 0.56 -0.03***

(0.00) (0.00) (0.00)
Unemployment Rate 0.05 0.04 0.00

(0.00) (0.00) (0.00)
Number of Counties 2503 531

Notes- Standard errors are in parentheses. *p < .10, **p < .05, ***p <
.01.
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Table 3.2: Priority Ranking and CMHC Rollout

Ever Gets CMHC Rollout

Rank -0.064 0.060

(0.064) (0.194)

Observations 365 235

R2 0.000 0.000

Notes- Standard errors are in parentheses. *p < .10,
**p < .05, ***p < .01. A higher rank means you
have greater need.

Table 3.3: Predictors of CMHC Location

Ever gets CMHC Rollout
Suicide -0.000 -0.017

(0.000) (0.015)
Homicide 0.002*** -0.026**

(0.000) (0.015)
Alcohol 0.001 -0.019

(0.001) (0.028)
Notes- Standard errors are in parentheses. *p <
.10, **p < .05, ***p < .01. Regressions in-
clude year fixed effects, state-linear time trends,
urban-category-by-year linear time trends, and
controls for percent less than high school educa-
tion, percent high school education, unemploy-
ment rate, and labor force participation rate.
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Table 3.4: Pre-treatment Mortality Trends

Suicide Homicide Alcohol

Year -0.116 0.516 0.415*

(0.504) (0.345) (0.181)

CMCHind -1902.5 -9.45 838.6

(2370.7) (1626.3) (853.8)

Interaction 0.965 -0.006 -0.425

(1.204) (0.826) (0.434)

Observations 6068 6068 6068

R2 0.001 0.007 0.003

Notes- Standard errors are in parentheses. *p < .10, **p <
.05, ***p < .01.
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Table 3.5: Effects of CMHC on Mortality

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Total Population

CMHC -0.007 -0.038* 0.009

(0.010) (0.023) (0.047)

Panel B: White Population

CMHC -0.007 -0.006 0.022

(0.011) (0.020) (0.052)

Panel C: Non-white Population

CMHC -0.001 -0.053* -0.019

(0.031) (0.031) (0.053)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Observations 60316 60316 60316

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Regressions include year
fixed effects, state-linear time trends, urban-category-by-year linear time trends, and
controls for percent less than high school education, percent high school education,
unemployment rate, and labor force participation rate. Regressions are weighted by
county population.
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Table 3.6: Sub-group Analysis by Age - White Population Only

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Young

CMHC -0.036* 0.006 0.014

(0.022) (0.031) (0.169)

Panel B: Young Adult

CMHC 0.019 -0.008 0.011

(0.015) (0.024) (0.070)

Panel C: Adult

CMHC -0.008 0.020 0.024

(0.014) (0.032) (0.055)

Panel D: Elderly

CMHC -0.024 -0.053 -0.020

(0.020) (0.044) (0.067)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Regressions include year
fixed effects, state-linear time trends, urban-category-by-year linear time trends, and
controls for percent less than high school education, percent high school education,
unemployment rate, and labor force participation rate. Regressions are weighted by
county population.
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Table 3.7: Sub-group Analysis by Age - Non-White Population Only

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Young

CMHC 0.035 -0.051 0.291

(0.050) (0.052) (0.212)

Panel B: Young Adult

CMHC -0.058 -0.058* 0.060

(0.044) (0.031) (0.067)

Panel C: Adult

CMHC 0.055 -0.041 -0.115*

(0.072) (0.032) (0.070)

Panel D: Elderly

CMHC -0.019 -0.112* 0.039

(0.089) (0.062) (0.120)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Regressions include year
fixed effects, state-linear time trends, urban-category-by-year linear time trends, and
controls for percent less than high school education, percent high school education,
unemployment rate, and labor force participation rate. Regressions are weighted by
county population.
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Table 3.8: Urban vs. Rural Sub-group Analysis - Non-White

Subsample

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Urban CMHC

CMHC -0.006 -0.009 -0.007

(0.032) (0.020) (0.056)

Panel B: Rural CMHCs

CMHC 0.048 -0.133* -0.324*

(0.115) (0.068) (0.162)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Regressions include year
fixed effects, state-linear time trends, urban-category-by-year linear time trends, and
controls for percent less than high school education, percent high school education,
unemployment rate, and labor force participation rate. Regressions are weighted by
county population.
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Table 3.9: Boundary Analysis - Effects of CMHC on Mortality

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Total Population

CMHC -0.255 -0.203 0.012

(0.190) (0.315) (0.149)

Panel B: White Population

CMHC -0.269 0.092 0.038

(0.201) (0.151) (0.135)

Panel C: Non-white Population

CMHC -0.178 -3.478* -0.324

(0.398) (1.923) (0.422)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Observations 41041 41041 41041

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Limited to Boundary Anal-
ysis sample. Regressions include year fixed effects, state-linear time trends, urban-
category-by-year linear time trends, and controls for percent less than high school
education, percent high school education, unemployment rate, and labor force par-
ticipation rate. Regressions are weighted by county population.
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4.0 Appendix

4.1 A: Theoretical Framework

       In this section I outline a simple theoretical framework describing an employment environment in which employers 

get noisy, competition-driven information about an employee’s ability. In doing this, I can understand what types of 

beliefs employers would need to have about employee decision making to generate the hidden cost outlined in this 

paper. First, I lay out the basic employee decision environment without affirmative action. Then, I go through the 

employers’ decision-making environment, including the conditions under which they will give female 

competition winners a hiring advantage. Then, I add affirmative action and show how the employees’ decision 

environment changes. Then, I show how affirmative action’s effects on the employee’s decision environment 

affects the employers’ beliefs and hiring decisions, resulting in female competition winners losing their previous 

hiring advantage. Finally, I’ll discuss how alternative models of employees’ behavior (or employers’ beliefs about 

employees’ behavior) would result in different employment outcomes.1

4.1.1 Employee Decision Making Framework Without Affirmative Action

Suppose employees can be divided in two ways. The first is by g ender: they can be male or female (though any 

other division based on minority status may be used). This will be denoted as their gender g ∈ {M, F }. The second 

by ability (θ): they can be either low ability (θL) or high ability (θH ). Suppose the probability that an individual is 

high ability is αg , where 0 < αg < 1.2

Suppose also that employees can have gender-specific beliefs about their probability of being high ability, ( α̂g ∈ 

{M, F }), measuring their degree of confidence, which may or may not be equal to their actual probability of being 

high ability. This is a population-wide gender-specific belief, in the sense that all people of that gender believe that, 

ex-ante, they have that likelihood of being high ability. This could result from self-stereotypes about what genders are 

good at what tasks (see Coffman, 2014; Coffman et al., 2019a,b).

Employees get one of three signals about their ability, as generated by a random process that depends on their

1This paper’s focus is the decision-making process of the employer. To address this aspect of affirmative action in a controlled way, employees
do not know about or take into account the hiring decision when making their competition entry decision in both the model and the experiment.
While it isn’t unbelievable that people, particularly teenagers making college decisions or recent graduates trying to find their first job out of college,
are short-sighted enough to not take into account future hiring decisions, this could be an important aspect to understand the competition entry
decisions of individuals when faced with affirmative action, when those decisions will later be interpreted by employers (related to the argument
in Antonovics and Sander (2013)). Given the conclusions of this paper, future work should expand into the employees’ response to the employers’
later decision stage.

2In this framework I use a single ability (actual probability of being high ability) and belief (believed probability of being high ability) parameter
for each gender, rather than a continuum of ability and beliefs. However, a continuum of these measures would result in directionally similar
outcomes. I will point out where possible how the outcomes will be different.
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underlying ability level.3 The signals are high (SH ), medium (SM ), and low (SL). For both men and women, signals

are generated in the same way, such that high ability people only get high or medium signals, and low ability people

only get medium or low signals. More specifically:

P (S = SH |θ = θH) = βH

P (S = SM |θ = θH) = 1− βH

P (S = SL|θ = θH) = 0

P (S = SH |θ = θL) = 0

P (S = SM |θ = θL) = βL

P (S = SL|θ = θL) = 1− βL
1

2
< βH < 1

Employees use Bayes rule to update their gender-specific prior beliefs with their signals in order to get their posterior

belief of their probability of being high ability:

P̂ (θ = θH |S = Sj , g) =
P (S = Sj |θ = θH) ∗ α̂g

P (S = Sj |θ = θH) ∗ α̂g + P (S = Sj |θ = θL) ∗ (1− α̂g)
where g ∈ {M,F} and j ∈ {H,M,L}. If someone gets a high or low signal, they know they are high or low ability,

respectively, with certainty. However, an individual’s belief about their ability with a medium signal depends on their

gender-specific prior belief about their likelihood of being high ability.

Employees are then faced with a decision about whether or not to enter a tournament. If they enter the tournament,

they can either win or lose. Conditional on entering, the probability that they win depends on if their ability is high or

low:

P (win|enter) =

{
2
3γ if θ = θH

2
3 (1− γ) if θ = θL

where γ is the noise parameter such that 1
2 < γ < 1, and the 2

3 reflects the fact that, of the three people who are in the

top half of their group in that round of the competition, only 2 of them will win the tournament in this experimental

formulation. This allows people who are high ability to lose with some positive probability, and conversely people

who are low ability could also win with a positive probability. However winning is still an informative signal about

their underlying ability. Payoffs, denoted by pi, depend on whether the individual enters and, conditional on entering,

whether the individual won:

π =

{ πw − C if enter + win

−C if enter + lose

0 if DNE

3In the experiment this comes through the information about the number of questions they got correct in the first and second rounds of the task.
The model simplifies the signal structure to 3, rather than a continuum of, options. In a more general sense, these could be grades students get in
high school before deciding on what college to apply to or whether to apply for STEM programs, or grades students get in college before deciding
on what jobs to apply for.
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where DNE means ”does not enter”. This reflects that there is a cost to entering the tournament, such as an effort cost,

that is not incurred if one does not enter.

Because people who get high signals must be high ability and people who get low signals must be low ability,

regardless of gender, we can establish their expected value of entering the tournament:

E[π(enter|S = SH)] =
2

3
γπw − C

E[π(enter|S = SL)] =
2

3
(1− γ)πw − C

However, if someone gets a middle signal, they don’t know whether they are high or low ability, so their expected

value of entering depends on their posterior probability of being high ability:

E[π̂(enter|S = SM , g)] =
2

3
[γP̂ (θ = θH |S = SM , g) + (1− γ)P̂ (θ = θL|S = SM , g)]πw − C

As such, there will be a threshold on posterior probability of being high ability, above which employees enter and

below which employees do not enter.

4.1.2 Employer Decision Making Framework

In this environment, employers receive information about a potential employee’s gender and whether the employee

won the tournament or not, and decide how much they want to pay (out of an endowment) to hire the employee. The

employers want to hire high ability employees. They know about the tournament structure for employees, and that

employees can have gender specific probability of being high ability and gender specific probability of prior beliefs

that they are high ability.

More specifically, employers get $3 as an endowment, and they can pay any amount of that money (called $x) to

buy some probability of hiring the employee, equal to Phire = x/3 where 0 ≤ x ≤ 3. Employers get a bonus of

$6 if they successfully hire the employee and the employee is high ability (θ = θH ); otherwise they get no additional

money. Employers have a utility function U(.) such that U ′(.) ≥ 0 and U ′′(.) ≤ 0.

Employers want to maximize their expected utility over the value x:

argmax
x∈[0,3]

E[U ] =
x

3
P (θ = θH |outcome, g)U(9− x) + (1− x

3
P (θ = θH |outcome, g))U(3− x)

Recall that the two options for tournament outcome are enter and win (w) or not (nw), with not winning coming from

either not entering or from entering and losing. While finding a closed form of x*, where x* is the utility maximizing

value of x, isn’t possible, because ∂2U
∂x∂P (θ=θH |outcome,g) > 0 we know that dx∗

dP (θ=θH |outcome,g) ≥ 0, or that x* is non-

decreasing in the probability the employee is high ability via Topkis’ theorem of supermodularity. This allows us to

compare hiring rates for different groups of employees through the probabilities of them being high ability conditional

on their gender and tournament outcome.
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4.1.3 Employer Beliefs that Would Generate Hiring Advantage for Successful Women without Affirmative

Action

In this section, I will describe the types of beliefs employers could have about employee beliefs and behavior that

would generate the hiring advantage being hypothesized for successful women in the absence of affirmative action.

However, while most of the beliefs proposed here will be supported by empirical data, it is an empirical question as to

whether subjects in the role of employees will have these beliefs.

Suppose employers believe that men and women are of equal ability, but have different priors about being high

ability in a particular task. Specifically, αM = αF = α but α̂F < α̂M showing that men are more confident in the

task than women.4 As such, when employees get medium signals about their ability, men will have a higher posterior

belief that they are high ability than women: P̂ (θ = θH |S = SM ,M) > P̂ (θ = θH |S = SM , F ).5

When making entry decisions, we will assume that the parameters of the model are such that those individuals

who know they are high ability with certainty (because they received high signals) enter the tournament, and those

that know they are low ability with certainty (because they received low signals) don’t enter the tournament. This is

possible as long as the benefit winning the tournament is high enough compared to the cost of entering ( 23πw > C)

and the noise parameter is large enough, in that it is more likely that a high ability person wins and a less likely

that a low ability person wins (γ > 3C
2πw

). Also, the employers could believe that the parameters are such that men

who get medium signals enter the tournament, and women who get medium signals do not enter the tournament:

E[π̂(enter|S = SM ,M)] > 0 > E[π̂(enter|S = SM , F )]. This is true under an additional set of parameter

restrictions ensuring that the probability of getting a medium signal when high ability is low enough (βL < 1
2 ), and

the cost tournament entry and the benefit of winning the tournament take a certain shape (πw > 1, C < 1
3 ).6 In this

case, employers will form certain predictions about the ability of men and women who won the tournament vs. those

that did not win the tournament (either because they lost or did not enter).

Prediction 1: Employers who see women who win the tournament will believe they are more likely to be high

ability and will be more likely to hire them compared to men who win the tournament.

When faced with employees that enter and win the tournament without affirmative action, employers are more

likely to believe a woman is high ability compared to a man. Since only high ability women enter the tournament, they

can be certain a female entrant is high ability. Thus, P (θ = θH |w,F ) = 1. Since some men who are low ability enter

the tournament, they must have a probability of being high ability that is less than one, so P (θ = θH |w,M) < P (θ =

4While not true in every task, men are found to be more confident in the task used in this experiment (Niederle and Vesterlund, 2007), and in
many other tasks found in work places dominated by men and considered relatively prestigious (Barber and Odean, 2001; Huang and Kisgen, 2013;
Coffman, 2014; Sarsons and Xu, 2015; Coffman et al., 2019a,b).

5This difference in posterior beliefs between men and women could also be generated with the same priors but differences in updating, such
that men are more likely to update their beliefs up compared to women, or women are more likely to update their beliefs down compared to men
(e.g., Mobius et al., 2011).

6This could also be generated by making the cost of competing (C) higher for women than for men, which may also be a reasonable way to
model this given the evidence of gaps in competitiveness unrelated to confidence (e.g., Niederle and Vesterlund, 2007; Croson and Gneezy, 2009).
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θH |w,F ), leading to P (hire|w,M) ≤ P (hire|w,F ).7

Prediction 2: It is unclear how employer beliefs and hiring probabilities will compare between men and women

who do not win the tournament (either through losing or not entering).

When faced with an employee that does not win the tournament, it is unclear how employers will respond to men

compared to women. The probability that a woman is high ability given that she did not win can be larger than, equal

to, or smaller than the probability that a man is high ability given that he did not win, depending on how likely a high

ability individual knows that they are high ability. Specifically, as the likelihood a high ability person knows they are

high ability (βH ) increases, the probability that a woman who does not win is low ability decreases without affecting

the probability that a man who does not win is low ability. This occurs because if women who are high ability are likely

to know, they’re more like to have entered, meaning the women who did not enter are more likely to be low ability.

The stronger βH is a signal of ability, the less likely high ability women will end up not entering the tournament. Thus,

at high (low) values of βH , women who do not win will be hired less (more) than men who do not win.

4.1.4 Employee Decision Making Framework with Affirmative Action

In essence, an affirmative action policy changes the probability that an individual is likely to be admitted or hired

based on their gender – the probability a female applicant is successful goes up, and the probability that a male

applicant is successful goes down. This is reflected in a change to the probabilities of winning the tournament, given

entry, for men and women:

P (win|enter) =

{
Pgγ if θ = θH

Pg(1− γ) if θ = θL
for g ∈ {M,F}

were 0 < PM < 2
3 < PF < 1. This now changes the expected value of entering for men and women, given the

signals they receive:

E[π(enter|S = SH , g)] = Pgγπw − C

E[π(enter|S = SH , g)] = Pg[γP̂ (θ = θH |S = SM , g) + (1− γ)P̂ (θ = θL|S = SM , g)]πw − C

E[π(enter|S = SL, g)] = Pg(1− γ)πw − C

In essence, affirmative action replaces the singular threshold on employee posterior beliefs with two, gender specific

thresholds where the threshold for women is at a lower posterior than the threshold for men. This means that the

women who enter the tournament with affirmative action will be, on average, less confident than the men who enter

7If the probability an individual believed they were high ability could take a continuous form such that the distribution of prior beliefs for
men had greater weight on the high end of the distribution than for women, then the belief that a woman that won was high ability would still
be greater than the belief that a man that won was high ability, but it would not equal 1 as is the case here. Also, this result, both in the model
and the experiment, is of a flavor similar to Bohren et al. (2019), which finds that women who post answers to math questions in an online forum
initially face discrimination, but when they have accumulated a series of positive evaluations their responses are then favored over men’s of an equal
evaluation level. They attribute this to the general belief that women must be of a superior quality to reach the same level as a man in this male-type
environment, similar to the conclusion being drawn by employers here.
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the tournament. However, depending on how their confidence relates to their true probability of being high ability, the

women who enter may be more able, as able, or less able on average than men who enter.

4.1.5 Employer Beliefs that Would Remove Hiring Advantage for Successful Women with Affirmative Action

When faced with affirmative action in the employees’ stage, employers recognize the minimum posterior belief for

women to enter the tournament decreases below the original threshold belief, and also below the minimum posterior

belief for men to enter the tournament.

Prediction 3: As long as the posterior threshold for women with affirmative action falls below the posterior

belief women have about their ability with medium signals, employers will believe that women who enter and

win with affirmative action are of lower ability than women who enter and win without affirmative action, and

will thus hire them less.

Suppose employers believe that the posterior threshold for women with affirmative action falls below the posterior

belief women with medium signals. This happens so long as P̂ (θ = θH |S = SM , F ) >
3C
2 . Thus, employers will

believe that women who enter and win in the affirmative action are of a lower ability than those women who enter and

win without affirmative action, because women who enter the tournament are no longer guaranteed to be high ability:

P (θ = θH , w, F,AA) < P (θ = θH , w, F, ST ). This generates the cost of affirmative action, in that the signal of

entering and winning for a woman’s ability is weaker with affirmative action than without, leading to lower hiring

probability of women who win the tournament with affirmative action: P (hire, w, F,AA) ≤ P (hire, w, F, ST ).

Prediction 4: If the posterior threshold for men with affirmative action still falls below the posterior belief men

have about their ability with medium signals, employers will have the same beliefs about them and hire them

at the same rate as without affirmative action, and will hire them with the same probability as women with

affirmative action.

Suppose the change in the threshold for men with affirmative action is such that it still falls below the posterior

belief that men have after receiving a medium signal. This occurs as long as PM > 2C
πw

. If this is the case, employers do

not change their beliefs about men who win, nor do they hire them with a different probability, with the implementation

of affirmative action. Furthermore, they will hire the men who win at the same rate as they hire women who win with

affirmative action:

P (θ = θH |w,M,AA) = P (θ = θH |w,M,ST ) = P (θ = θH |w,F,AA) < P (θ = θH |w,F, ST )

Thus, not only does affirmative action lower the probability a woman who enters the tournament is high ability and

lower the hiring rates of women, but it lowers them to the exact same rate as men. The conditions required for this

exact result can be found in Figure B.6.8 This results in the following hiring probability comparisons:

P (hire|w,M,AA) = P (hire|w,M,ST ) = P (hire|w,F,AA) ≤ P (hire|w,F, ST )
8A diagram of the continuous version can be seen in Figure B.7.
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Prediction 5: Employers will believe men who don’t win the tournament with affirmative action, either from

not entering or from losing, are higher ability than the men who don’t win the tournament without affirmative

action, and the women who don’t win the tournament with affirmative action. Their beliefs about women who

don’t win the tournament without affirmative action are ambiguous.

The probability that an individual that entered the tournament lost is directly related to the probability of winning

the tournament if the individual is in the high ability group. Because men are less likely to win the tournament in the

affirmative action than in the standard tournament (PM < 2
3 ) and women are more likely to win the tournament in

the affirmative action tournament ( 23 < PF ), we have that P (θ = thetaH |nw, F,AA) < P (θ = θH |nw,M, ST ) <

P (θ = θH |nw,M,AA) and P (hire|nw, F,AA) ≤ P (hire|nw,M, ST ) ≤ P (hire|nw,M,AA). The comparison

between these probabilities and the probability a woman who does not win the tournament is high ability is less clear,

given that the average ability of tournament entrants for women without affirmative action is different from that of

these other three groups. Thus, the comparison between the probability a woman who does not win is high ability

without affirmative action depends on the magnitude of βH , with a higher value of βH resulting in a lower probability

that women who do not win the tournament are high ability. Depending on the value of βH , this probability can be

anywhere along the continuum of probabilities found for men with and without affirmative action, and women with

affirmative action, meaning that the probability that woman is hired can fall anywhere amongst or beyond the proba-

bilities of other groups. However, the probability that an individual is high ability after not winning the tournament

is lower than the probability an individual is high ability after winning the tournament for all gender-tournament type

comparisons.

4.1.6 Alternative Employer Beliefs that Could Lead to Cost of Affirmative Action for Successful Women

A cost of affirmative action in terms of beliefs about successful women’s ability and their probability of being

hired occurs so long as affirmative action decreases the threshold on posterior beliefs that women must have in such a

way that women of a lower average ability enter the tournament. While, in the above case, it was generated through

women having lower prior beliefs about their ability compared to men, this section points out some alternative cases

in which this hidden cost could be generated, such as when men and women have the same prior beliefs, or they have

different prior beliefs but those beliefs are correct.

Suppose, alternatively, that employers believe that men and women have the same prior beliefs, resulting in them

having the same posterior beliefs after receiving a certain signal. In this case, employers would hire men and women

that enter and win at the same rate, and they would hire men and women that enter and lose at the same rate. Thus, there

would be no advantage given to women who win the tournament in terms of hiring. The effect of the implementation

of affirmative action would depend on how the thresholds moved in relation to the posterior beliefs of the employees.

If the threshold for women moved below the posterior of a lower signal group, there could still feasibly be a cost of

affirmative action as women of a lower confidence level could then start entering the tournament. In this case, men
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who win would be hired more with affirmative action than women who win.

Consider alternatively the situation in which employers believe men and women are of different abilities, with men

having a higher probability of being high ability than women reflective of α̂M > α̂F . Then, the different responses

to the signals would be reflective of different ability distributions, rather than different confidence levels (though men

and women would have different posteriors, they would be correct). In this case, you could still imagine a case in

which only the women who know they are high ability enter (having gotten a high signal), whereas some men who are

unsure also enter (having gotten either a high or medium signal). In this case, women who win will still have a hiring

advantage over men who win. However, if the parameters of affirmative action are such that the thresholds are similar

to those described in the above sections, then when women who are uncertain are drawn into the competition (women

start to enter when they have both a high and medium signal), then women who enter the tournament will be much

less likely to be high ability than the men who enter the tournament, leading them to be hired at a lower rate. Thus, in

this case, one can also get a cost of affirmative action due to hiring.
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4.2 B: Appendix Figures

Figure B.1: Optimal Minus Actual Hiring Rates for Men and Women With and Without Affirmative Action, for

Different Perceived Levels of Ability, CRRA Risk Averse Employees

Notes - This figure presents mean gap between the optimal and actual employment choice for employees given the beliefs employers have about their ability and the
employers’ risk aversion parameters, split by the gender of the employee, the treatment, and whether the employer believed the employee was above 50% likely to be in
the top half of their group in terms of performance on round 2 (high predicted ability) or below 50% (low predicted ability). Bars represent 95% confidence intervals.
ST=Standard tournament; AA= affirmative action tournament.
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Figure B.2: Optimal Minus Actual Hiring Rates for Men and Women With and Without Affirmative Action, for

Different Perceived Levels of Ability, CRRA Risk Averse Employees

Notes - This figure presents mean gap between the optimal and actual employment choice for employees given the beliefs employers have about their ability and
assuming the employees are risk neutral, split by the gender of the employee, the treatment, and whether the employer believed the employee was above 50% likely to be
in the top half of their group in terms of performance on round 2 (high predicted ability) or below 50% (low predicted ability). Bars represent 95% confidence intervals.
ST=Standard tournament; AA= affirmative action tournament.
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Figure B.3: Expected Value of Each Type of Employee, Based on Actual Hiring Choices

Notes - This figure presents the expected value for an employer when facing an employee of a particular gender, tournament type, and tournament outcome category,
given actual hiring rates in the experiment. Bars represent 95% confidence intervals. ST=Standard tournament; AA= affirmative action tournament; DNE=did not enter.
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Figure B.4: The Probability of a Hired or Not Hired Individual being Female, Across Tournament Type

Notes - This figure presents the probability that an employee who is hired or not hired is female across tournament type from a simulation of each employee 10,000
times. See text for details about the simulation. Bars represent 95% confidence intervals. ST=Standard tournament; AA= affirmative action tournament.
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Figure B.5: Probability of Employee Being in the Top Half of Their Group, by Tournament Type and Whether They

Were Hired or Not

Notes - This figure presents the probability that an employee who is hired or not hired is in the top half of their group in terms of performance in round 2 across
tournament type from a simulation of each employee 10,000 times. See text for details about the simulation. Bars represent 95% confidence intervals. ST=Standard
tournament; AA= affirmative action tournament.
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Figure B.6: Theoretical Framework Diagram - Discrete

Notes - This diagram represents employer beliefs that generate a cost of affirmative action through decreased signaling power for and decreased hiring of female
employees who enter and win the tournament. The blue line presents the continuum of posterior beliefs that an individual could have, with 0 probability of being
high ability on the far left and certainty of being high ability on the far right. SL, SM , and SH are the posterior beliefs of individuals with low, medium, and high
signals respectively. Both without affirmative action (top panel) and with affirmative action (bottom panel), the posteriors for men and women are presented for each
of the three signals. Posterior values in red denote a group that does not enter the tournament; posterior values in green denote a group that does enter the tournament.
Without affirmative action, the one vertical black line represents a hypothetical threshold on posteriors that would generate men with medium and high signals entering
the tournament, with only women with high signals entering. The two vertical black lines with affirmative action represent the two, gender specific thresholds on
posterior beliefs that occur with affirmative action, with the posterior for women (labeled W) to the left of the posterior for men (labeled M). These thresholds are in the
hypothetical position such that, with affirmative action, both men and women enter the tournament with both high and medium signals. See figure B.7 for a diagram
with continuous posteriors.
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Figure B.7: Theoretical Framework Diagram - Continuous

Notes - See the notes for figure B.6 for a general description of the diagram’s structure. In this diagram, the distribution of posterior beliefs is continuous, with the
posterior for men (navy) being primarily to the right of the posterior for women (aqua). If we assume that the true distribution of ability is equal between men and
women, we can have that, for certain distributional shapes, without affirmative action the average ability of men to the right of the no affirmative action threshold is less
than the average ability of women to the right of the no affirmative action threshold, so men who enter the tournament are of lower ability than the women who enter.
Then, with affirmative action, the threshold for women lowers, and women of a lower posterior are willing to enter, thus the average ability of women with affirmative
action will drop. Depending on the shape of the distributions and the exact thresholds, it may be that the actual average ability of men and women who enter after
affirmative action is put into place will be the same, as reflects the case described in discrete form in Appendix 4.1.5.
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4.3 C: Appendix Figures

Figure C.1: Design Illustration: Biweekly Intervention

Recruit Lab	Session
Post Follow-Up	Survey

Week0 Week	1 Week2 Week3 Week	4 Week	5 Week	6 Week	7 Week	8 … 3	months	later

An	Example	Treatment	Week
Sunday Monday Tuesday Wednesday Thursday Friday Saturday

MORNING
Control Survey Fitbit	Return
Treated Survey+Sleep &	Payment

Everyone

Treatment	WeeksPre-Treatment	Monitor

Sleep	Incentive	Period
Time	Use	Diary	(TUD)	on	2	random	days
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Figure C.2: Self-Reported Sleep Duration at Baseline

Notes - The figure reports self-reported sleep duration during term (solid) and over the month preceding the survey (dashed) from the Day 1 Survey, which occurred at
the beginning of the term.
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Figure C.3: Self-Reported Sleep Duration at Baseline and Risk Taking Behavior

Notes - The figure reports the share of individuals self-reporting sleeping less than 7, 6, and 5 hours, respectively, in the Day 1 Survey among low-risk individuals (blue)
and high-risk individuals (orange).
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Figure C.4: Timing of Survey Response and Bedtime Target Choice

Notes - The figure reports the share of individuals choosing the least binding bedtime target (1 am) by the timing of the survey (10 am-8 pm).This data is drawn from
the weekly surveys during intervention weeks.
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4.4 D: Appendix Tables

Table D.1: Summary of Treatments

Treatment Wave Location Time Incentive Prediction Reward

Control 1 Oxford Oct-Dec 2016 None No

Treatment 1 Oxford Oct-Dec 2016 Biweekly, Weak No

Treatment 2 Oxford Apr-Jun 2017 Weekly, Strong Yes, 1

Treatment 3 Oxford Oct-Dec 2017 Weekly, Strong Yes, 3

Treatment 4 Pittsburgh Jan-Mar 2018 Biweekly, Strong Yes, 1

Control 5 Pittsburgh Sep-Nov 2018 None No

Treatment 5 Pittsburgh Sep-Nov 2018 Weekly, Strong Yes, 3

Notes - The table above describes the location, timing and incentive structure used in the different waves of the experiment.
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Table D.2: Baseline Characteristics and Attrition

Dep. Var. Female Age White Black Asian Other Last month sleep

Withdrew from the experiment 0.100 0.272 -0.102 0.053 -0.027 0.076 -0.182

(0.079) (0.486) (0.079) (0.045) (0.067) (0.050) (0.155)

Observations 359 359 359 359 359 359 359

Dep. Var. Sleep during term Slee < 7 hrs during term Ever smoked Ideal sleep hours BMI Overweight Obese

Withdrew from the experiment 0.093 -0.116 0.091 -0.167 -1.041 -0.071 0.012

(0.212) (0.079) (0.067) (0.127) (1.564) (0.070) (0.039)

Observations 359 359 359 359 359 359 359

Notes - Data are drawn by the Day 1 Survey. Each column reports a univariate regression estimate of the dependent variable (baseline characteristics) on a dummy
indicating whether the individual withdrew from the experiment.
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Table D.3: Comparisons of Sleep Measurements

Sleep Duration 7≤Sleep≤9 Sleep<6

Fitbit 7.02 0.47 0.23

(1.76) (0.50) (0.42)

Self-Reported 7.07 0.61 0.10

(1.08) (0.49) (0.31)

Time Use 8.15 0.59 0.07

(1.74) (0.49) (0.25)

Notes - This table compares averages of our three different measures of sleep collected before our intervention started. Standard deviations are reported in parentheses.
The first row (Fitbit) reports the sleep measures derived from the Fitbit data. The second row (Self-Reported) reports the sleep measures elicited in Day 1 Survey. The
third row (Time Use) reports the sleep measures based on the time use surveys.
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Table D.4: Summary Statistics, Baseline (Survey-based Metrics)

Variable Mean Std. Dev. Variable Mean Std. Dev

Demographics Depression symptoms

Female 0.41 0.49 Rarely 0.44 0.49

Age 21.54 3.90 5-7 days 0.039 0.19

White 0.58 0.49 1-2 days 0.36 0.48

Asian 0.22 0.42 3-4 days 0.15 0.35

Black 0.09 0.28 Life satisfaction

Other 0.11 0.31 Completely satisfied 0.06 0.24

Health and Behaviors Very satisfied 0.44 0.49

Poor health 0.11 0.31 Somewhat satisfied 0.41 0.49

Weight (kg) 69.44 15.39 Not satisfied (or not at all) 0.09 0.27

Height (cm) 171.46 12.14 Sleep

BMI 23.97 9.72 Sleep last month 7.17 .97

Obese 0.05 0.22 Sleep during term 6.90 1.32

Overweight 0.24 0.43 Less than 7 hrs sleep 0.46 0.50

Ever smoked 0.23 0.41 Ideal sleep 7.97 .78

Drinks (more than once per week) 0.26 .44 Sleep quality (1-10) 6.62 1.61

# days falling asleep 3.79 4.94

# days not rested 10.51 6.86

Notes - Summary statistics are drawn from the Day 1 Survey.
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Table D.5: Intention to Improve Sleep

Wants to improve sleep duration Wants to improve bedtime

% %

Definitely yes 17.77 19.34

Probably yes 43.39 41.56

Might or might not 22.73 22.22

Probably not 14.88 15.64

Definitely not 1.24 1.23

Observations 359 359

Notes - Data are drawn from Day 1 Survey.
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Table D.6: Correlations Between Sleep, Health, and Well-Being

VARIABLES Good Health Obese Overweight Depressed Satisfied

7 ≤ Sleep ≤9 0.057* -0.064** -0.123*** -0.054** 0.259***

(0.034) (0.026) (0.046) (0.021) (0.051)

Observations 359 359 359 359 359

R-squared 0.008 0.018 0.020 0.018 0.067

Mean of Dep. Var. 0.880 0.0616 0.252 0.0410 0.489

Std.Dev. of Dep. Var. 0.326 0.241 0.435 0.199 0.501

Sleep Less than 7hrs -0.030 0.066** 0.120*** 0.057*** -0.246***

(0.033) (0.026) (0.046) (0.022) (0.051)

Observations 359 359 359 v 359

Mean of Dep. Var. 0.890 0.0616 0.252 0.0414 0.494

Std.Dev. of Dep. Var. 0.314 0.241 0.435 0.200 0.501

Notes - Data are drawn from Day 1 Survey. For this analysis, we used the self-reported measure of sleep duration obtained in the survey.
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Table D.7: Demand for Commitment

Bedtime target earlier than 1am Sleep target longer than 7 hours Dominated contract

At least 1 week 60% 60% 13%

All weeks 24% 19% 10%

Notes - The sample in columns 1-2 is restricted to subjects receiving monetary incentives in treatment weeks (N=207). The sample in column 3 is restricted to subjects
receiving monetary incentives in treatment weeks in treatment 3 (Biweekly-Small) (N=32).
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Table D.8: Present-Bias, Impatience, Overconfidence and Commitment

(1) (2) (3)

Before 1 am More than 7hrs Either

Panel A: Present Bias

Present-Biased 0.1400* 0.0353 0.1665***

(0.078) (0.082) (0.061)

Observations 207 207 207

Mean of Dep. Var. 0.595 0.590 0.745

Std.Dev. of Dep. Var. 0.492 0.493 0.437

Panel B: Impatience

Impatient 0.1498* 0.0416 0.0423

(0.079) (0.083) (0.072)

Observations 207 207 207

R-squared 0.016 0.001 0.002

Mean of Dep. Var. 0.595 0.590 0.745

Std.Dev. of Dep. Var. 0.492 0.493 0.437

Panel C: Overconfidence

Overconfidence -0.0470 0.0187 -0.0603

(0.086) (0.085) (0.078)

Observations 207 207 207

Mean of Dep. Var. 0.595 0.590 0.745

Std.Dev. of Dep. Var. 0.492 0.493 0.437

Panel D: Risk Aversion

Risk-averse -0.1331 -0.0938 -0.1182

(0.091) (0.091) (0.086)

Observations 207 207 207

Mean of Dep. Var. 0.595 0.590 0.745

Std.Dev. of Dep. Var. 0.492 0.493 0.437

Notes - Data are drawn from Fitbit data, weekly surveys collected during the weeks of the intervention, and the first-day survey. The sample is restricted to subjects in
the treatment group.
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Table D.9: Determinants of Bedtime Targets

(1) (2)

Variables Bedtime Target

Survey Time 0.0128*

(0.0065)

Average Bedtime -0.00875**

in Previous Week (0.00339)

Observations 584 584

R-Squared 0.047 0.059

Mean of Dep. Var. 24.40 24.40

Std.Dev. of Dep. Var. 0.743 0.764

Notes - The table above shows regressions of survey time and average bedtime the previous week on bedtime target. Both regressions include controls for week and
subject fixed effects. Standard errors clustered at the individual level are reported in parentheses. Column 1 includes observations with survey times after the first surveys
were sent (6 am) and before midnight. The sample is restricted to treated subjects in the treatment weeks.
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Table D.10: Predicting Achievement Rate

Prediction In Week 1 Week 2 Week 3

For Week 1 2.83

Week 2 2.81 2.71

Week 3 2.91 2.71 2.60

Achievement Week 1 Week 2 Week3

In Week 1 1.81

Week 2 1.78 1.84

Week 3 1.47 1.50 1.46

Pred-Ach In Week 1 Week 2 Week 3

For Week 1 1.02

Week 2 1.03 0.87

Week 3 1.44 1.21 1.14

Notes - This table provides averages for the number of nights subjects predict they will meet their target and the number of nights subjects actually meet their target.
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Table D.11: Commitment Devices and Target Achievement

Bedtime target Bedtime target % Difference p-value

Before 1am 1am

% Target achieved 53% 46% 7% 0.17

Achieved at least once 93% 84% 9% 0.065

Sleep target Sleep target % Difference p-value

>7hrs 7hrs

% Target achieved 51% 48% 3% 0.48

Achieved at least once 92% 85% 6% 0.16

Bedtime before 1 am Bedtime 1am % Difference p-value

& Sleep >7hrs or Sleep=7hrs

% Target achieved 55% 47% 8% 0.08

Achieved at least once 95% 85% 10% 0.02

Notes - Data is drawn from Fitbit data and weekly surveys collected during the weeks of the intervention.

129



Table D.12: Demand for Commitment and Sleep

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

7≤Sleep≤9 Sleep less than 7 hours

Bedtime <1 am 0.0702** -0.0591*

(0.033) (0.034)

Sleep Duration>7hrs 0.1266*** -0.1132***

(0.025) (0.023)

Bedtime<1 am & Sleep Duration>7hrs 0.1531*** -0.1349***

(0.027) (0.026)

Dominated Contract (Treatment 3) 0.0496 -0.0551

(0.080) (0.077)

Observations 1,420 4,566 4,566 710 1,420 4,566 4,566 710

Mean of Dep. Var. 0.511 0.146 0.102 0.0549 0.511 0.146 0.102 0.0549

Std.Dev. of Dep. Var. 0.500 0.353 0.303 0.228 0.500 0.353 0.303 0.228

Notes - All estimates include a control for insufficient sleep at baseline. The sample is restricted to treated subjects during the treatment weeks. Standard errors are
clustered at the individual level and are reported in parentheses.
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Table D.13: Incentives and Sleep, Other Outcomes

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dep.Var. Sleep Hours ln(Sleep Hours) Sleep<7 Sleep<6 Sleep<5

Treatment 0.240*** 0.124* 0.049*** 0.029** -0.079*** -0.041** -0.058*** -0.032* -0.033** -0.015

(0.089) (0.071) (0.016) (0.013) (0.025) (0.018) (0.022) (0.016) (0.016) (0.013)

Post-Treatment 0.206 0.104 0.046* 0.026 -0.039 -0.006 -0.059* -0.042** -0.031 -0.010

(0.127) (0.082) (0.023) (0.016) (0.038) (0.023) (0.032) (0.021) (0.023) (0.015)

Individual FE YES YES YES YES YES

Observations 7,690 7,690 7,690 7,690 7,690 7,690 7,690 7,690 7,690 7,690

Mean of DV 6.922 6.922 1.891 1.891 0.466 0.466 0.250 0.250 0.131 0.131

SD of DV 1.849 1.849 0.332 0.332 0.499 0.499 0.433 0.433 0.337 0.337

Number of id 280 280 280 280 280

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment
wave and the location of the experiment (Oxford, Pittsburgh). Columns 2, 4, 6, 8 and 10 include individual fixed effects. Standard errors clustered at the individual level
are reported in parentheses.
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Table D.14: Incentives, Bedtime, and Wake-Up Time

(1) (2) (3) (4)

VARIABLES Bedtime Wake up Time

Treatment -0.3222*** -0.2117*** -0.1111 -0.1023

(0.105) (0.058) (0.127) (0.092)

Post-Treatment 0.0015 0.0368 0.2669 0.2491

(0.181) (0.076) (0.197) (0.154)

Individual fixed effects YES YES

Observations 7,690 7,690 7,690 7,690

Mean of Dep. Var. 00.94 00.94 8.011 8.011

Std.Dev. of Dep. Var. 1.631 1.631 3.046 3.046

Number of id 273 273

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment wave
and the location of the experiment (Oxford, Pittsburgh). Columns 2 and 4 include individual fixed effects. Standard errors clustered at the individual level are reported
in parentheses.
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Table D.15: Baseline Characteristics and Sample Attrition in Follow-Up Survey

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

Dep. Var. Female Age White Black Asian Other Last month sleep

No follow up 0.044 0.685** -0.041 0.054* 0.030 -0.043 0.123

(0.053) (0.326) (0.053) (0.030) (0.045) (0.034) (0.104)

Observations 359 359 359 358 359 359 359

Dep. Var. Sleep during Sleep < 6 hrs Ever smoked Ideal sleep hours BMI Overweight Obese

term during term

No follow up 0.190 0.008 0.066 -0.034 1.033 -0.032 0.019

(0.142) (0.054) (0.045) (0.085) (1.037) (0.047) (0.026)

Observations 359 359 359 359 359 359 359

Notes - Data are drawn by the Day 1 Survey. Each column reports a univariate regression estimate of the dependent variable (baseline characteristics) on a dummy
indicating whether the individual did not respond to the follow-up survey.
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Table D.16: Follow-up Sleep Quality

Variables Sleep Quality Z-Score

Treatment 0.459**

(0.229)

Achievement Rate 0.433**

(0.211)

R-Squared 0.132 0.164

Mean of Dep. Var. -0.018 0.164

Std.Dev. of Dep. Var. 0.596 0.573

Notes - The table above shows regressions of treatment and bedtime target achievement rate on a zZ-score of sleep quality formed from the sleep quality questions asked
in the follow up survey. All estimates include controls for wave, gender, and a quadratic in age.
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Table D.17: Naps

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

VARIABLES Nap Nap duration 7<Sleep<9

Treatment -0.0122 -0.0110 -1.0161 -0.8449 0.0489*** 0.0490***

(0.008) (0.009) (0.706) (0.746) (0.017) (0.017)

After treatment -0.0088 -0.0049 -0.7387 -0.3508 0.0168 0.0169

(0.011) (0.012) (0.916) (1.004) (0.023) (0.023)

Nap -0.098

0.020

Nap duration -0.0011***

(0.000)

Individual fixed effects YES YES YES YES

Observations 8,738 8,738 8,738 8,738 8,738 8,738

Mean of Dep. Var. 0.0570 0.0570 4.638 4.638 0.456 0.456

Std.Dev. of Dep. Var. 0.232 0.232 19.73 19.73 0.498 0.498

Number of id 319 319 319 319

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment
wave and the location of the experiment (Oxford, Pittsburgh). Columns 2, 4, and 6 include individual fixed effects. Standard errors clutered at the individual level are
reported in parentheses.
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Table D.18: Incentives and Sleep, Weekends

(1) (2) (3) (4)

VARIABLES 7<Sleep<9 Sleep<6 hours

Treatment 0.0707 0.0698 -0.137** -0.102

-0.0682 -0.0692 -0.0676 -0.0669

Individual fixed effects YES YES

Observations 3342 3342 3342 3342

Individuals 280 280 280 280

Mean of Dep. Var. 0.453 0.453 0.250 0.250

Std.Dev. of Dep. Var. 0.498 0.498 0.433 0.433

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment wave
and the location of the experiment (Oxford, Pittsburgh). Columns 2 and 4 include individual fixed effects.Standard errors clutered at the individual level are reported in
parentheses.
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Table D.19: Baseline Characteristics and Sample Attrition in Time-Use Survey

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

Dep. Var. Female Age White Black Asian Other Last month sleep

No follow up 0.045 -0.887*** -0.165*** 0.102*** 0.073 -0.010 -0.200*

(0.053) (0.326) (0.053) (0.030) (0.045) (0.034) (0.105)

Observations 359 359 359 359 359 359 359

R-squared 0.002 0.020 0.027 0.031 0.007 0.000 0.010

Dep. Var. Sleep during term Sleep < 7hrs during term Ever smoked Ideal sleep hours BMI Overweight Obese

No follow up -0.062 0.095* 0.072 -0.168** -0.527 0.017 0.033

(0.144) (0.054) (0.045) (0.085) (1.047) (0.047) (0.026)

Observations 359 359 359 359 359 359 359

R-squared 0.001 0.009 0.007 0.011 0.001 0.000 0.005

0.000 0.003 0.001 0.002

Notes - Data are drawn by the Day 1 Survey. Each column reports a univariate regression estimate of the dependent variable (baseline characteristics) on a dummy
indicating whether the individual did not respond to the time-use survey.
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Table D.20: Incentives to Sleep and Screen Time Near Bedtime

(1) (2)

Screen time (hours) Any screen time

after 8 pm after 8 pm

Night on which treatment was achieved -0.224*** -0.125***

(0.050) (0.040)

Post-treatment -0.132* -0.081*

(achieved 50% of nights) (0.077) (0.048)

Observations 1,106 1,106

R-squared 0.039 0.030

Mean of Dep. Var. 0.452 0.372

Std.Dev. of Dep. Var. 0.793 0.483

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment
wave and the location of the experiment (Oxford, Pittsburgh). Standard errors are clustered at the individual level.
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Table D.21: Incentives and Sleep Regularity

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

VARIABLES Std.Dev. Sleep Hours Std.Dev. Bedtime Std.Dev. Wake up time

Treatment Treatment -0.1025* -0.0625 -0.1353*** -0.0881** -0.0895 -0.0473

(0.053) (0.040) (0.050) (0.045) (0.069) (0.059)

Post-treatment -0.0254 0.0084 0.0237 0.0606 -0.1718* -0.1575*

(0.089) (0.072) (0.072) (0.068) (0.097) (0.083)

Individual fixed effects YES YES YES

Observations 7,690 7,690 7,690 7,690 7,690

R-squared 0.048 0.049 0.018 0.017 0.023 0.031

Mean of Dep. Var. 1.289 1.289 1.085 1.085 1.155 1.155

Std.Dev. of Dep. Var. 0.854 0.854 0.762 0.762 1.040 1.040

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment
wave and the location of the experiment (Oxford, Pittsburgh). Columns 2, 4, and 6 include individual fixed effects.Standard errors clutered at the individual level are
reported in parentheses.
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Table D.22: Incentives and Sleep: Timing of the Incentives

(1) (2) (3) (4)

Sleep7≤Sleep≤9 Sleep<6 hours

Weekly incentive 0.0932*** 0.0374 -0.0560** -0.0143

(0.031) (0.024) (0.028) (0.021)

Post-weekly incentive 0.0560 0.0085 -0.0718* -0.0458*

(0.043) (0.028) (0.037) (0.024)

Bi-weekly incentive 0.0675** 0.0537* -0.0884*** -0.0711***

(0.034) (0.031) (0.028) (0.025)

Post-biweekly incentive 0.0116 -0.0073 -0.0449 -0.0283

(0.037) (0.032) (0.028) (0.023)

Individual fixed effects YES YES

Observations 8,738 8,738 8,738 8,738

Mean of Dep. Var. 0.456 0.456 0.245 0.245

Std.Dev. of Dep. Var. 0.498 0.498 0.430 0.430

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment wave
and the location of the experiment (Oxford, Pittsburgh). Columns 2 and 4 include individual fixed effects. Standard errors clutered at the individual level are reported in
parentheses.
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Table D.23: Incentives and Sleep: the Role of the Size of the Financial Incentive

(1) (2) (3) (4)

Sleep7≤Sleep≤9 Sleep<6 hours

Strong Treatmet 0.0845*** 0.0495*** -0.0607*** -0.0351**

(0.024) (0.018) (0.021) (0.016)

Post Strong Treatment 0.0507 0.0175 -0.0609* -0.0477**

(0.036) (0.024) (0.031) (0.021)

Weak Treatment 0.0481 0.0214 -0.0473 -0.0173

(0.052) (0.040) (0.039) (0.032)

Post Weak Treatment -0.0066 0.0009 -0.0402 -0.0492

(0.078) (0.063) (0.057) (0.045)

Individual fixed effects YES YES

Observations 8,738 8,738 8,738 8,738

R-squared 0.014 0.005 0.015 0.007

Mean of Dep. Var. 0.456 0.456 0.245 0.245

Std.Dev. of Dep. Var. 0.498 0.498 0.430 0.430

Number of id 319 319

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment wave
and the location of the experiment (Oxford, Pittsburgh). Columns 2 and 4 include individual fixed effects. Standard errors clutered at the individual level are reported in
parentheses.
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Table D.24: Incentives and Sleep

(1) (2) (3) (4)

VARIABLES Sleep7<Sleep<9 Sleep<6 hours

Any Incentive 0.0792*** 0.0451*** -0.0588*** -0.0325**

(0.022) (0.017) (0.020) (0.015)

Post-Treatment (any incentive) 0.0483 0.0147 -0.0600** -0.0469**

(0.035) (0.023) (0.030) (0.020)

Individual fixed effects YES YES

Observations 8,738 8,738 8,738 8,738

Mean of Dep. Var. 0.456 0.456 0.245 0.245

Std.Dev. of Dep. Var. 0.498 0.498 0.430 0.430

Number of id 319 319

Notes - All estimates include controls for gender, a quadratic in age, week of the semester dummies and day of the week dummies, and a control for the experiment wave
and the location of the experiment (Oxford, Pittsburgh). Columns 2 and 4 include individual fixed effects. Standard errors clutered at the individual level are reported in
parentheses.

142



4.5 E: Elicitation of Risk and Time Preferences

We used choice lists to elicit participants’ risk and time preferences. The subjects could choose from two columns,

representing Option A and Option B. On each list, one of the two options was fixed, and the other option changed

from one row to the next. In each row, subjects had to indicate their preferred option: Option A or Option B. To avoid

multiple switching points on a single list, the subjects only had to choose in which row they wanted to switch from

choosing Option A to choosing Option B. The subjects were given examples and the opportunity to practice before

making decisions that counted for payment. When payments involved a future date, the subjects would receive the

corresponding amount via email in the form of a gift card.

To elicit the risk preference parameter, we used two lists. On each list, Option A was a fixed lottery: a 50% chance

of getting GBP 6 and a 50% chance of getting GBP 0. Option B was always a sure amount. The lists we used are

illustrated in Figures E.1 and E.2.

To elicit the time preference parameters, we used four lists. On each list, Option A was associated with a monetary

payment at a sooner time and Option B implied some monetary payment at a later time. The amount to be gained at

the later time is fixed at GBP 6, and the amount to be gained at the sooner time varied on each list. Among the lists,

the sooner time is either today or in 4 weeks, and the delay between the later and the sooner time is either 4 weeks or

8 weeks. The lists we used are illustrated in Figures E.3, E.4, E.5 and E.6.

143



Figure E.1: Choice List for Risk Preference 1
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Figure E.2: Choice List for Risk Preference 2
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Figure E.3: Choice List for Time Preference 1
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Figure E.4: Choice List for Time Preference 2
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Figure E.5: Choice List for Time Preference 3
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Figure E.6: Choice List for Time Preference 4
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4.6 F: Appendix Figures and Tables

Figure F.1: Age-Adjusted Mortality Summary Statistics
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Figure F.2: Age-Adjusted Mortality by Urban/Rural

(a) Urban (b) Rural

Figure F.3: Event-Study: Suicide among Young Whites
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Figure F.4: Event-Study: Homicide among Young Adult Non-Whites
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Figure F.5: Event-Study: Homicide among Adult Non-Whites
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Figure F.6: Event-Study: Homicide among Elderly Non-Whites
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Figure F.7: Event-Study: Alcohol Related Mortality among Adult Non-Whites
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Table F.1: Urban vs. Rural Sub-group Analysis - White Subsample

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Urban CMHC

CMHC -0.008 -0.002 0.021

(0.010) (0.020) (0.054)

Panel B: Rural CMHCs

CMHC 0.040 -0.034 0.058

(0.282) (0.053) (0.115)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Clustered standard errors are in parentheses.*p < .10, **p < .05, ***p <
.01. Years included: 1969-1988.
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Table F.2: Boundary Analysis: Sub-group Analysis by Age - White

Population Only

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Young

CMHC -0.476 0.193 0.005

(0.296) (0.241) (0.027)

Panel B: Young Adult

CMHC 0.150 0.079 -0.010

(0.275) (0.247) (0.106)

Panel C: Adult

CMHC -0.436 0.195 0.093

(0.316) (0.178) (0.296)

Panel D: Elderly

CMHC -0.701 -0.105 -0.063

(0.440) (0.175) (0.221)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Limited to boundary anal-
ysis sample. Regressions include year fixed effects, state-linear time trends, urban-
category-by-year linear time trends, and controls for percent less than high school
education, percent high school education, unemployment rate, and labor force par-
ticipation rate. Regressions are weighted by county population.
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Table F.3: Boundary Analysis: Sub-group Analysis by Age -

Non-White Population Only

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Young

CMHC -0.035 -2.777 0.096

(0.612) (2.966) (0.118)

Panel B: Young Adult

CMHC -0.919 -5.705** 0.135

(0.663) (2.673) (0.559)

Panel C: Adult

CMHC 0.313 -2.599** -1.984*

(0.673) (1.306) (1.141)

Panel D: Elderly

CMHC -0.028 -2.107* 0.134

(0.745) (1.206) (0.797)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Limited to boundary anal-
ysis sample. Regressions include year fixed effects, state-linear time trends, urban-
category-by-year linear time trends, and controls for percent less than high school
education, percent high school education, unemployment rate, and labor force par-
ticipation rate. Regressions are weighted by county population.
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Table F.4: Boundary Analysis: Urban vs. Rural Sub-group Analysis -

Non-White Subsample

(1) (2) (3)

Suicide Homicide Alcohol

Panel A: Urban CMHC

CMHC -0.202 -3.059 -0.205

(0.414) (2.057) (0.438)

Panel B: Rural CMHCs

CMHC -0.081 -9.876*** -3.170**

(1.259) (3.045) (1.290)

County Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

State-Specific Linear Time Trend Yes Yes Yes

Controls Yes Yes Yes

Notes- Standard errors clustered at the county level are in parenthesis *p < .10,
**p < .05, ***p < .01. Years included: 1969-1988. Limited to boundary anal-
ysis sample. Regressions include year fixed effects, state-linear time trends, urban-
category-by-year linear time trends, and controls for percent less than high school
education, percent high school education, unemployment rate, and labor force partic-
ipation rate. Regressions are weighted by county population.
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