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ABSTRACT

IZA DP No. 12772 NOVEMBER 2019

Why Don’t We Sleep Enough? A Field 
Experiment among College Students*

Sleep deprivation is a risky behavior prevalent in modern societies, leading to negative 

health and economic consequences. However, 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 incentives 

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 between 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%). Subjects 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. 
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1 Introduction

Despite sleep deprivation being an emerging public health challenge (Liu, 2016), little is

known about the behavioral determinants of sleep choice.1 Estimates suggest that 50–70 million

US adults have a sleep or wakefulness disorder (Altevogt et al., 2006). 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). Recently Aetna, an American managed

healthcare company, introduced incentives to increase workers’ sleep. Sleep –with physical ac-

tivity and nutrition– is also one of the three pillars of the performance army triad.2 Although

there is growing evidence on the potential effects of insufficient sleep on the incidence of chronic

diseases (Luyster et al., 2012), productivity, cognitive skills, and decision making (Gibson and

Shrader, 2014; Giuntella and Mazzonna, 2019; Giuntella et al., 2017; Jin et al., 2015; Dickinson

and McElroy, 2017; McKenna et al., 2007; Hafner et al., 2017), we know very little about sleep

choice. Despite economists’ interest in time-use (Becker, 1965; Aguiar and Hurst, 2007; Aguiar et

al., 2013; Hamermesh, 2019), sleep choice has received little attention (Biddle and Hamermesh,

1990). Most economic models analyzing time allocation regard sleeping as a pre-determined

and homogeneous constraint on time allocation. Given that we spend approximately one-third

of our time sleeping, with considerable between- and within-individual heterogeneity and sub-

stantial economic and health impacts, it is important to understand the behavioral mechanisms

underlying sleep choice (Mullainathan, 2014).

Sleep is indeed an 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. If people are dynamically inconsistent

and overconfident about sleep, this is a demonstration that such biases can persist, even in the

face of extensive experience and feedback. It is also a domain wherein demand for commitment

might be highly relevant, to the extent that some individuals become sophisticated enough due

to repeated feedback.

1See also https://www.cdc.gov/sleep/index.html.
2See https://www.cnbc.com/2016/04/05/why-aetnas-ceo-pays-workers-up-to-500-to-sleep.html and

https://armymedicine.health.mil/Performance-Triad.
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This study investigates sleep choice and the role of commitment devices and monetary incen-

tives 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 pref-

erences 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.

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 man-

agement 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 statis-

tics 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 ones lifestyle and habits

(Buboltz Jr 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 mini-

mum 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-related individual 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 student’s 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

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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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, 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 mechanisms, 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 contracts. Combined with survey and experimental

lab data, our findings are consistent with sophisticated time inconsistency and overconfidence

as key behavioral mechanisms underlying poor sleep choices. In total, 63% of our subjects took

up some 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, overestimated their own bedtime and sleep dura-

tion, 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. Overconfi-

dent 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 re-

sponded 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
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academic outcomes, finding suggestive evidence that our intervention improved them through

positive effects on heart rate efficiency, physical activity, and self-reported health and academic

achievement.

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

how the subjects reallocated their time to achieve their targets. To address this question, we col-

lected 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 sig-

nificantly 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., 2017; 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 (Jakicic 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 tools. Our findings

suggest 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,

finding 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, investigating the role of present bias,

overconfidence, and other behavioral factors. Furthermore, the differences in the contexts, sleep
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conditions (e.g., quality of mattress, noise), and samples are likely to explain the different results

found in the two studies on the effects of sleep. 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.4

Our study contributes to the literature analyzing demand for commitment and the effective-

ness of commitment devices (see, e.g., Bryan et al., 2010; Kremer et al., 2019; Schilbach, 2019,

for a review). Individuals with self-control problems 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 behavior is consistent with a model of time-inconsistent preferences in sophisticated

agents who are aware of their own self-control problem (e.g. Laibson, 1997; O’Donoghue and

Rabin, 1999; Bernheim and Rangel, 2004; Fudenberg and Levine, 2006), and is sometimes related

to social signaling (Exley and Naecker, 2016). 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, commit-

ment devices may be welfare reducing (Bai et al., 2017). Furthermore, in a recent work, Carrera

et al. (2019) 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 experience and immediate feedback

that characterizes sleep behavior suggest commitment devices may be more effective in this do-

main. An individual’s daily experience with their time-inconsistent behavior may increase their

demand for commitment (Laibson, 2015; Schilbach, 2019). Moreover, there may be less uncer-

tainty about the benefits of good sleep behavior on a day-to-day basis (Carrera et al., 2019). To

date, little evidence exists in the sleep domain regarding the effectiveness of commitment devices

4Breig 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.
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in improving sleep habits. Previous studies have examined the effectiveness of commitment de-

vices 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). Our experiment provides a relatively soft commitment device in the

form of setting bedtime and sleep duration targets, at the cost of forgone rewards.5 Addition-

ally, 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

Our 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, 2014; 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.

Finally, we contribute to the methodological discussion on sleep measurement (e.g., Laud-

erdale et al., 2008a), by comparing 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 these three methods, which

partially reflect the distance between beliefs and actual behavior. 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.

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 persis-

5Previous evidence also suggests that softer commitments may work better than hard commitments (Dupas and
Robinson, 2013).
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tence of incentives to sleep, and their effects on time allocation, academic outcomes, and health.

Concluding remarks are provided in Section 5.

2 Experimental Procedure, Design, and Data

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.6 The experimental procedure was approved by the Central Uni-

versity 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 in-

formed 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.7 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.8 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 ad-

vertised 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.

6In all our estimates, we include dummies for whether the subject was recruited in Oxford or in Pittsburgh.
7We framed it as a study about the use of wearable devices.
8Including dummies for each wave of the experiment does not affect our results.
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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 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 $150 in Pittsburgh.

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

including the exclusion 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 us-

ing 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).9 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

9These are based on risk preference elicitation in Holt and Laury (2002) and time preference elicitation in Harrison
et al. (2002).
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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.10 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 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 was a Weekly Survey, sent on the

Monday of each week, which asked subjects about their health and sleep activity in the previous

week.11 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.

10Fitabase is a paid service that collected Fitbit data from our subjects.
11Subjects in the control group did not know others were paid.
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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.12

The three treatments varied in the timing of the incentivized weeks and the form of incen-

tives. In Treatment 1 (Incentive-Weekly), the treatment weeks were Weeks 3, 4, and 5. Figure 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 feed-

back 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., 2017) (Treatment 2, Incentive-

Biweekly); and in the size of the monetary incentive (Treatment 3). 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 A.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

12The 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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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 2.13

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 A.1 summarizes our treatments.

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 A.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 Appendix C.

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 (Laud-

erdale 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

13This 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.
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(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).14 Methodologically, we contribute to the literature on sleep measurement by

collecting and comparing three different measures of sleep. 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 A.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.

3.2 Descriptive Analysis: Pre-Intervention Data

Table A.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) 15. Of our respondents, 58

14Beattie 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/.)
15One part-time student was aged 45. Excluding this observation from the analysis does not affect the results
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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 average— consistent with what has been found in

time-use studies (see Hamermesh (2019)).16 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 A.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 A.5).

Fitbit data of sleep before the intervention are plotted in Figure 2.17. 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

16The 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.)”

17We excluded weekends.
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likely to report sleeping less than 7 hours (-7% with respect to the mean). Figure 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 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 5). Subjects compensated during the weekend

for some of their lost sleep hours during the week, wherein approximately 47% of the subjects

reported sleeping less than 7 hours in the first 2 weeks, while during the weekend the fraction of

individuals reporting 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 A.6 for details). Individuals who were identified as more likely to take

risks were also more likely to sleep less (see Figure A.3).

4 Behavioral Biases and Sleep Choice

4.1 Time Inconsistency and Demand for Commitment

Several aspects of our participants’ behavior were consistent with sophisticated time incon-

sistency. 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 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
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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 interven-

tion groups, we asked subjects to choose bedtime 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, choos-

ing 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 suc-

cesses 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 demands commit-

ment 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 com-

mitment 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 6). Moreover, 60% of the subjects chose bedtime tar-

gets earlier than 1 am in at least 1 week; 24% chose bedtime targets earlier than 1 am in all 3

treatment weeks (Table A.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, bedtime targets longer than 7 hours were chosen (Figure 7). Moreover, 60% of the sub-

jects chose sleep duration targets longer than 7 hours in at least 1 week, and 19% chose sleep
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duration targets longer than 7 hours in all 3 treatment weeks (Table A.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 commit-

ment, in Treatment 3 (Biweekly-Small), in approximately 10% of the subject-week observations,

the contract with punishment was chosen (Table A.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 A.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.18 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 A.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 A.9).

Figure 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

18We varied the timing of surveys throughout the experiment, although we could not fully control the timing of
the answers.
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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 9),

which could reflect subjects with sophistication wanting a commitment device.

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). 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 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. Furthermore,

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 A.3).

Using these data, we built an index of overconfidence along these different dimensions. In
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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, overconfi-

dent subjects were less likely to report insufficient sleep at baseline based on self-reported data,

but more likely to be sleep deprived based on Fitbit data before treatment (Table 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 A.8, Panel C). However, on average, overconfident individuals chose sleep dura-

tion 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 differ-

ence 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 (maybe 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 A.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 10-12). 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
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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 A.11 and A.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.

4.3 Risk Preferences

In Table 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, 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 A.8, Panel D) and less likely to choose a sleep duration target longer

than 7 hours (-10%, column 2). Interestingly, 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).

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 10, 11, and 12). 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 choos-
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ing a dominated bedtime (earlier than 1 am), subjects were 14% more likely to achieve the target

than those choosing 1 am as a bedtime target (Table A.11). Similarly, subjects choosing a domi-

nated 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 de-

manding 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 A.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 4 shows our main regression results.19 Relative to control, we find that subjects receiving

monetary incentives 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% 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 A.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

19We 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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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 A.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 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.

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.

5.1.1 Habit Formation and Sleep with Fitbit Data

We first explore the first part of the post-intervention period. In Table 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). 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’
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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., 2017).

Our results suggest that treatment may be particularly effective among subjects who tended

to sleep too little. Approximately 25% of subjects reported sleeping less than 6 hours at baseline.

Examining other outcomes drawn from the Fitbit data (Table 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 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.

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 ex-

periment. 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 A.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 A.16)20. Addi-

20Because 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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tionally, 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 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.

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 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 A.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 A.18). Although
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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 incen-

tives 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 approxi-

mately 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 A.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 ev-

idence 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 7, columns 1–3). However, indi-

viduals 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. Inter-

estingly, 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 A.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 sig-

nificant. 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
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associated with lower sleep duration (Billari et al., 2017; Nie and Hillygus, 2002; Twenge et al.,

2017).

5.3 Additional Findings: Sleep Regularity, Structure and Size of the Incentives

This section reports some additional findings regarding the effect of our intervention. In-

terestingly, the monetary incentives affected the regularity of sleep, bedtime, and waking time,

reducing their variance (Table A.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 A.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.21

Finally, we explore the role of incentive size. Using a smaller monetary incentive and elim-

inating 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 A.23). Furthermore, while the effect of larger monetary

incentives survives the inclusion of individual fixed effects, the point estimate of the weak in-

centive 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 A.24) while increasing the precision of the point estimates as the sample size increases.

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

21In 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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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 subjects receive on sleep

throughout their lives.

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, 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 re-

duced 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 pro-

vide 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
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extensive experience and feedback. Yet, to the extent subjects become sophisticated enough 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 sleep longer sleep were effec-

tive, 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 intervention, as those adopted by some

companies, may have persistent effect, particularly when individuals lack a commitment device

in natural settings.

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 behavioral 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 ex-

plore the relative effectiveness of non-monetary incentives and alternative commitment devices

in nudging individuals into healthier and persistent sleep habits.
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Figures

Figure 1: Design Illustration
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Figure 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.38



Figure 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 4: Insufficient sleep

Notes - Data are drawn from the Fitbit devices during week 1 and 2 of the experiment before starting the intervention.

Figure 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 6: % of Subjects Choosing Bedtime Before 1 am

Notes - Data are drawn from the weeks of intervention.
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Figure 7: % of Subjects Choosing Sleep Target >7 hours

Notes - Data are drawn from the weeks of intervention.
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Figure 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.

43



Figure 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 10: Achievement

Notes - Data are drawn from the weeks of intervention.
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Figure 11: % of nights bedtime target was met

Notes - Data are drawn from the weeks of intervention.
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Figure 12: % of nights sleep duration target was met

Notes - Data are drawn from the weeks of intervention.
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Table 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
Notes - We report averages and standard deviations obtained from our day 1 of the experiment survey.

Table 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 3-6).
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Table 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
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 dummies and day of the week dummies, and a control
for the country. Standard errors clutered at the individual level are reported in parentheses.
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Table 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 7,689 7,689
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 dummies and day of the week dummies, and a control
for country. Standard errors clutered at the individual level are reported in parentheses.
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Table 6: Correlations with Academic Achievement

(1) (2)
Letter Grade Change Percentile Change

Any Treatment -0.0459 6.304**
(0.115) (3.069)

Large Treatment -0.0626 8.738**
(0.127) (3.636)

Achievement Rate 0.422*** 3.386
(0.151) (3.023)

High Achiever 0.162* 2.627
(0.084) (2.384)

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)

Notes - Each cell shows the result of a different regression. Each regression in column 1 also controls for the original grade and the
round of the study. Each regression in column 2 also controls for the original percentile and the round of the study.
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APPENDIX

A Additional Tables and Figures
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Appendix Figures

Figure A.1: Design Illustration

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 A.2: Self-reported sleep duration at baseline

Notes - The figure reports self-reported sleep duration during term (blue) and over the month preceding the survey, which occurred
at the beginning of the term.
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Figure A.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, among low-risk
individuals (blue) and high-risk individuals (orange).
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Figure A.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).
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Appendix Tables

Table A.1: Summary of Treatments

Treatment Wave Location Time Incentive Prediction Reward
Control 1 Oxford Oct-Dec 2016 None No
Control 5 Pittsburgh Sep-Nov 2018 None No
Treatment 1 2 Oxford Apr-Jun 2017 Weekly, Strong Yes, 1
Treatment 1b 3 Oxford Oct-Dec 2017 Weekly, Strong Yes, 3
Treatment 1b 5 Pittsburgh Sep-Nov 2018 Weekly, Strong Yes, 3
Treatment 2 4 Pittsburgh Jan-Mar 2018 Biweekly, Strong Yes, 1
Treatment 3 1 Oxford Oct-Dec 2016 Biweekly, Weak No

Notes - The table above describes the location, timing and incentive structure used in the different waves of the experiment.

60



Ta
bl

e
A

.2
:B

as
el

in
e

C
ha

ra
ct

er
is

ti
cs

an
d

A
tt

ri
ti

on

D
ep

.V
ar

.
Fe

m
al

e
A

ge
W

hi
te

Bl
ac

k
A

si
an

O
th

er
La

st
m

on
th

sl
ee

p

W
it

hd
re

w
fr

om
th

e
ex

pe
ri

m
en

t
0.

10
0

0.
27

2
-0

.1
02

0.
05

3
-0

.0
27

0.
07

6
-0

.1
82

(0
.0

79
)

(0
.4

86
)

(0
.0

79
)

(0
.0

45
)

(0
.0

67
)

(0
.0

50
)

(0
.1

55
)

O
bs

er
va

ti
on

s
35

9
35

9
35

8
35

8
35

8
35

9
35

9

D
ep

.V
ar

.
Sl

ee
p

du
ri

ng
te

rm
Sl

ee
p$
\¡

$h
rs

du
ri

ng
te

rm
Ev

er
sm

ok
ed

Id
ea

ls
le

ep
ho

ur
s

BM
I

O
ve

rw
ei

gh
t

O
be

se

W
it

hd
re

w
fr

om
th

e
ex

pe
ri

m
en

t
0.

09
3

-0
.1

16
0.

09
1

-0
.1

67
-1

.0
41

-0
.0

71
0.

01
2

(0
.2

12
)

(0
.0

79
)

(0
.0

67
)

(0
.1

27
)

(1
.5

64
)

(0
.0

70
)

(0
.0

39
)

O
bs

er
va

ti
on

s
35

7
35

9
35

9
34

4
35

4
35

4
35

4

N
ot

es
-

D
at

a
ar

e
dr

aw
n

by
th

e
D

ay
1

Su
rv

ey
.E

ac
h

co
lu

m
n

re
po

rt
s

a
un

iv
ar

ia
te

re
gr

es
si

on
es

ti
m

at
e

of
th

e
de

pe
nd

en
tv

ar
ia

bl
e

(b
as

el
in

e
ch

ar
ac

te
ri

st
ic

s)
on

a
du

m
m

y
in

di
ca

ti
ng

w
he

th
er

th
e

in
di

vi
du

al
w

it
hd

re
w

fr
om

th
e

ex
pe

ri
m

en
t.

61



Table A.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. Fitbit reports the sleep measures derived from the Fitbit data. Self-Reported reports the sleep
measures elicited in Day 1 Survey. Time Use reports the sleep measures based on the time use surveys.
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Table A.4: Summary Statistics, Baseline (Survey-based metrics)

Variable Mean Std. Dev.
Demographics
Female 0.41 0.49
Age 21.54 3.90
White 0.58 0.49
Asian 0.22 0.42
Black 0.09 0.28
Other 0.11 0.31
Health and Behaviors
Poor health 0.11 0.31
Weight (kg) 69.44 15.39
Height (cm) 171.46 12.14
BMI 23.97 9.72
Obese 0.05 0.22
Overweight 0.24 0.43
Ever smoked 0.23 0.41
Drinks (more than once per week) 0.26 .44
Depression symptoms
Rarely 0.44 0.49
5-7 days 0.039 0.19
1-2 days 0.36 0.48
3-4 days 0.15 0.35
Life satisfaction
Completely satisfied 0.06 0.24
Very satisfied 0.44 0.49
Somewhat satisfied 0.41 0.49
Not satisfied (or not at all) 0.09 0.27
Sleep
Sleep last month 7.17 .97
Sleep during term 6.90 1.32
Less than 7 hrs sleep 0.46 0.50
Ideal sleep 7.97 .78
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 A.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

Notes - Data is drawn from Day 1 Survey.

Table A.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 366 357 357 366 366
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 362 357 357 362 362
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 is 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 A.7: Demand for Committment

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 A.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 200 200 200
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 200 200 200
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 is drawn from Fitbit data, weekly surveys collected during the weeks of the intervention, and the first-day survey. The
sample is restricted to treated subjects.
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Table A.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 584 544
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.

Table A.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

Count Week 1 Week 2 Week 3
Week 1 154
Week 2 146 148
Week 3 129 130 134

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. Each cell includes only those who have an observation for both the prediction and the actual
measurement, which leads to different achievement rates and counts within one week.
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Table A.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.
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Table A.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 7,368 7,368 7,377 7,377
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 dummies and day of the week dummies, and a control
for country. Standard errors clustered at the individual level are reported in parentheses.
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Table A.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 z-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.

73



Table A.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 dummies and day of the week dummies. Standard errors
clutered at the individual level are reported in parentheses.
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Table A.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
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 dummies and day of the week dummies, and a control
for the country. Standard errors clutered at the individual level are reported in parentheses.
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Table A.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 day of the week dummies and term week dummy, and a control for country. Standard
errors are clustered at the individual level.

Table A.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 7,553 7,553 7,336 7,336 7,336 7,336
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 dummies and day of the week dummies. Standard errors
clutered at the individual level are reported in parentheses.
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Table A.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)

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 dummies and day of the week dummies. Standard errors
clutered at the individual level are reported in parentheses.
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Table A.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 dummies and day of the week dummies. Standard errors
clutered at the individual level are reported in parentheses.
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Table A.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 dummies and day of the week dummies. Standard errors
clutered at the individual level are reported in parentheses.
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B 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 B.1 and B.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 B.3, B.4, B.5 and B.6.
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Figure B.1: Choice List for Risk Preference 1
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Figure B.2: Choice List for Risk Preference 2
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Figure B.3: Choice List for Time Preference 1
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Figure B.4: Choice List for Time Preference 2
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Figure B.5: Choice List for Time Preference 3
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Figure B.6: Choice List for Time Preference 4

87


	Introduction
	Experimental Procedure, Design, and Data
	Experimental Procedure
	Experimental Design

	Data
	Measuring Sleep
	Descriptive Analysis: Pre-Intervention Data

	Behavioral Biases and Sleep Choice
	Time Inconsistency and Demand for Commitment
	Overconfidence
	Risk Preferences

	Incentives, Sleep Behavior, and Habit Formation
	Post-Intervention
	Habit Formation and Sleep with Fitbit Data
	Follow-up Survey: Effects on Self-Reported Sleep, Health, and Human Capital

	Incentives to Sleep and Time-Use Allocation
	Additional Findings: Sleep Regularity, Structure and Size of the Incentives

	Conclusion
	Additional Tables and Figures
	Elicitation of Risk and Time Preferences



