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ABSTRACT OF THE DISSERTATION

Essays on Sleep, Labor, and Child Development

by

Jingyan Guo

Doctor of Philosophy, Graduate Program in Economics
University of California, Riverside, June 2024

Dr. Joseph Cummins, Chairperson

This dissertation investigates the relationships between economic conditions, em-

ployment, sleep patterns, health outcomes, and social factors. The research is organized

into three chapters, each addressing a unique aspect of these dynamics.

Chapter 1 examines the impact of sleep on fatal vehicle crashes by leveraging

variations in sunset times across different locations and seasons. Using sunset time as

an instrumental variable, the study finds that a one-hour increase in monthly sleep leads

to about a 2.4% reduction in fatalities. These findings highlight the potential benefits of

aligning social schedules with natural sleep patterns to reduce accidents.

Chapter 2 explores how employment rates affect sleep patterns. The analysis

reveals that weekday sleep is countercyclical, while weekend sleep is procyclical. Employed

individuals compensate for reduced weekday sleep by sleeping more on weekends. The study

also shows that industries with higher telework prevalence experience smaller decreases in

sleep duration as employment rises. Demographic factors such as minority status, lower

education levels, and single parenthood exacerbate sleep reductions during high employment

periods.
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Chapter 3 investigates caste differences in child height in India. The study doc-

uments differential growth patterns across caste groups, showing that lower caste children

are born shorter and grow less quickly than their higher-caste counterparts. These differ-

ences are largely explained by observable covariates, particularly maternal characteristics

and household wealth. The research reveals that the influence of these variables changes

as children age, with health endowment related variables explaining birth length gaps and

health investments becoming more significant over time. Lower caste children face persistent

endowment disparities from birth and post-birth investment differentials, which together ex-

acerbate height gaps as they develop.

Collectively, these chapters contribute to a deeper understanding of how economic

and social factors influence sleep, health, and development, emphasizing the importance of

policies that support adequate sleep and address social inequalities to improve well-being

and productivity.
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Chapter 1

Sleep and Fatal Vehicle Crashes:

Evidence from Sunset Time in the

United States

1.1 Abstract

Adequate sleep is critical for overall healthy functioning. Insu�cient sleep has

been linked to a decline in attention and cognitive function, which poses a potential risk

for vehicle crashes. This paper aims to study the impact of sleep on fatal vehicle crashes.

For the short-term analysis, I explored the variation in sunset times throughout the year

in a speci�c location. By using sunset time as an instrument, I found that a one-hour

delay in sunset leads to a decrease of approximately 12 minutes in weekly sleep duration.

Additionally, a one-hour increase in monthly sleep leads to about a 2.4% reduction in
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fatalities. For the long-term analysis, I employed two di�erent approaches. First, I utilized

the geographical variation in sunset time across counties within a time zone. However,

the results from this approach were not statistically signi�cant. Second, I applied spatial

regression discontinuity, focusing on the timing of sunset at a time-zone boundary. I found

that there is no consistent and statistically signi�cant e�ect of the later sunset side on the

fatalities. This paper can help in creating a better policy solution regarding DST and clock

changes, as well as designing social schedules that promote healthy sleep patterns, which

are crucial for both health and productivity.

1.2 Introduction

Sleep is crucial for both human health and productivity, but its importance re-

mains largely understudied in the �elds of health and labor economics. Insu�cient sleep

is associated with fatigue-related accidents and injuries (Dinges, 1995; Lockley et al., 2007;

Barnes and Wagner, 2009), attention, cognitive ability, coordination, motor skills, and pro-

cessing speed (Dinges and Powell, 1985; Drummond et al., 2005; Banks and Dinges, 2007;

Lim and Dinges, 2010), as well as productivity and psychological well-being (Bessone et al.,

2021). However, identifying variations in sleep patterns that are both explainable and not

strongly correlated with signi�cant lifestyle choices poses a challenge. Measuring sleep out-

comes is further complicated by the frequent delay, cumulative nature, and the challenge

of quanti�cation in large datasets. Therefore, by utilizing plausibly exogenous variations in

sleep patterns, I aim to assess the potential impact of sleep-related cognitive outcomes on

an immediate and measurable outcome: fatal vehicle crashes.
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The timing of sunset and sunrise changes throughout the year in a speci�c location,

as well as across di�erent locations within a time zone. However, despite this natural

variation, our work schedules and school start times often remain in
exible. These rigid

school and work hours force individuals to wake up at the same early hour, preventing them

from adjusting for this time di�erence by sleeping in later. This forced synchronization can

negatively impact our circadian rhythms, ultimately a�ecting the duration and quality of

our sleep. Consequently, this phenomenon produces both seasonal or short-term e�ects

within a given year and long-term geographical e�ects across locations within a time zone.

I aim to address the following question: What are the short-run and long-run e�ects

of sleep duration on fatal vehicle crashes in the United States? To answer this question, I

utilize three di�erent strategies to isolate the various factors that contribute to di�erences

in sleep patterns caused by astronomical and time-keeping sources. These strategies consist

of two instrumental variable (IV) approaches and a spatial regression discontinuity design

(RDD).

For the instrumental variable (IV) approach, I exploit two di�erent sources of

identifying variation in sleep duration. Variation in sunset time throughout the year in

one location isolates a short-term, seasonal variation in sleep duration, while geographic

variation in sunset time across counties within the same time zone isolates long-term sleep

di�erences across di�erent areas. In the short term, there is variation in sunset time within

a county throughout the year. For example, a later sunset in the summer could lead to a

shorter sleep duration. In the long term, there are di�erences in sunset time among various

counties in a time zone. For instance, the sunset is later for locations further west than for

locations further east, and people in the western part of the time zone would sleep less.
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The regression discontinuity design (RDD) strategy exploits the sharp disconti-

nuity in sunset time across time zone borders. There is a distinct discontinuity in sunset

time around the border, with sunset occurring approximately one hour later for counties

situated on the right side of the time zone boundary compared to those on the left. For

both strategies, I use sleep data from the American Time Use Survey (ATUS) and vehicle

fatality data from the Fatality Analysis Reporting System (FARS).

Both the IV and RDD yield interesting �rst-stage results. The delay in sunset time

can potentially disrupt the production of melatonin, consequently pushing sleep schedules

to a later time. Using the seasonal, short-run IV method, I discovered that a one-hour

delay in sunset results in a decrease of approximately 12 minutes in weekly sleep duration.

According to related research, a one-hour delay in sunset time within a particular location

is associated with a reduction in nighttime sleep by approximately 20 minutes per week

(Gibson and Shrader, 2018). The results from the RDD analysis indicate that a one-hour

delay in sunset leads to an average decrease of around 10 minutes in sleep duration. This

�nding aligns with the study conducted by Giuntella and Mazzonna (2019), which reported

a decrease of 19 minutes in sleep duration due to a delayed sunset.

Previous research conducted by Giuntella and Mazzonna (2019) focused on the

years 2003 to 2013 and found that employed individuals tend to sleep less when living on

the side of the time zone border with later sunsets. When I replicate this analysis using

the same dataset and time frame, my results closely mirror theirs. However, an interesting

twist arises when I expand the analysis to include data from 2014 to 2019. In this later

period, I observe a contrasting trend where employed individuals actually sleep more if they

reside on the side of the time zone border with later sunsets.
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Using the seasonal, short-term IV approach, I found that a one-hour increase in

monthly sleep leads to a decrease of about 2.4% in fatalities in the short run. Related

research has shown that the transition into Daylight Saving Time (DST) during the spring

season leads to a signi�cant 5.6% increase in fatal crashes, and this e�ect remains consis-

tent for a period of six days following the transition (Smith, 2016). Based on the RDD

methodology, my research �ndings suggest that the impact of residing on the late sunset

side has no statistically signi�cant or consistent e�ects on fatal crashes among employed

individuals. One potential explanation for this phenomenon could be that people gradually

adapt to the extended daylight hours and eventually adjust their sleeping patterns, thereby

negating any signi�cant in
uence on the occurrence of fatalities.

This paper contributes to three strands of literature in economics. First, it con-

tributes to the lab studies of sleep in medical research by using observational data to study

the causal impact of sleep on fatalities, providing understanding in real-world situations.

There is a plethora of research on lab studies in sleep, which shows that sleep deprivation

has a negative impact on attention, cognitive ability, coordination, motor skills, and pro-

cessing speed (Dinges and Powell, 1985; Drummond et al., 2005; Banks and Dinges, 2007;

Lim and Dinges, 2010). Second, this paper contributes to the recent literature focusing

on the impact of sleep on productivity and health by examining both the short-run and

long-run e�ects directly from sleep data on fatalities using the IV and RDD approaches.

Previous research has found associations between sleep and various outcomes, including

fatal vehicle crashes (Smith, 2016), wages (Gibson and Shrader, 2018), productivity and

psychological well-being (Bessone et al., 2021), functioning of �nancial markets (Kamstra

et al., 2000), hospital admissions (Jin and Ziebarth, 2020), cognitive skills and depression
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symptoms (Giuntella et al., 2017), and health outcomes (Giuntella and Mazzonna, 2019).

Third, this paper contributes to the research that estimates the e�ects of school start times

on academic achievement (Dills and Hernandez-Julian, 2008; Carrell et al., 2011; Edwards,

2012; Heissel et al., 2017; Avery et al., 2019) by providing additional causal evidence to

assist policy makers in making decisions regarding school start times.

The rest of this paper proceeds as follows. Section 2 reviews the literature encom-

passing sleep studies in the medical �elds and empirical evidence of sleep in Economics.

Section 3 describes the data used in this paper. Section 4 illustrates the identi�cation strat-

egy and the empirical methods. Section 5 reports the main results, and Section 6 discusses

the robustness checks. Section 7 concludes and discusses paths for future research.The

following sections outline the structure of this paper. Section 2 provides a comprehensive

review of the existing literature on sleep studies in both medical and economic �elds. Ad-

ditionally, it presents empirical evidence related to sleep in Economics. Section 3 provides

a detailed description of the data utilized in this study. In Section 4, the identi�cation

strategy and empirical methods employed are explained. The main �ndings are reported

in Section 5, while Section 6 discusses the robustness checks conducted. Finally, Section 7

concludes the paper and suggests potential avenues for future research.

1.3 Literature Review

1.3.1 Lab Studies of Sleep in Medical Research

There exists a plethora of research on lab studies in sleep, which shows that sleep

deprivation has a negative impact on attention, memory, and mood. For example, Banks

6



and Dinges (2007) reviewed recent experiments on chronic sleep restriction and found that

restricting sleep can result in attention lapses, slowed working memory, reduced process-

ing speed, depression, and preservative thinking. They also suggest that long-term sleep

deprivation leads to unhealthy physiological results.

Besides chronic sleep restriction, Lim and Dinges (2010) reviewed studies on the

impact of short-term sleep deprivation on cognition. They found that simple attention is

strongly a�ected by short-term sleep de�cit. The authors believe that sleep deprivation can

pose signi�cant safety risks, and implementing countermeasures targeting simple attention

would be the most e�ective way to prevent accidents in industries.

One example of measuring simple attention is the laboratory study of the Psy-

chomotor Vigilance Test (PVT) (Dinges and Powell, 1985). The PVT was initially invented

in 1985 to measure sustained attention and has since become the most widely used test in

studies of sleep and circadian rhythm research. Numerous studies have demonstrated that

the PVT is a highly sensitive indicator of sleep deprivation.

A laboratory study conducted by Drummond et al. (2005) investigated the neu-

ral basis of PVT and found that optimal performance is dependent on the brain region

responsible for these functions after a normal night of sleep. On the other hand, poor

performance following sleep deprivation activates the brain's \default mode." This �nding

supports previous studies suggesting that sleep has an impact on attention.

This paper contributes to this literature by utilizing observational data to examine

the causal impact of sleep on fatalities, providing insights into real-world situations.
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1.3.2 Empirical Evidence on Sleep in Economics

Despite the extensive body of medical research highlighting the hazards of sleep

deprivation, economists have only recently begun to explore the economic implications of

insu�cient sleep through empirical analysis. This paper aims to contribute to the emerging

�eld of research on the consequences of sleep deprivation within the economic literature.

Productivity and Health

First, this paper is linked to the literature of estimating the impact of sleep on pro-

ductivity and health (Kamstra et al., 2000). In a recent study, Smith (2016) uses regression

discontinuity (RD) and day-of-year �xed e�ects (FE) model to study the short-run e�ects

of Daylight Saving Time (DST) on fatal crashes and provides evidence of 5.6% increase in

fatalities for six days after the spring transition of DST. He decomposes the aggregate e�ect

of DST into an ambient light and sleep mechanism and �nds that sleep deprivation is the

channel that results in more fatal crashes while changing ambient light merely reallocates

fatalities within a day. In addition, he discovers that losing an hour of sleep raises the risk

of being in a drowsiness-related fatal crash by 46%.

I di�erentiate from Smith (2016), as rather than studying the short-run e�ects

of DST on national fatalities using RD and FE models and analyzing sleep mechanism

indirectly without using any sleep data or measurements, I examine both the short-run and

long-run e�ect directly from sleep data on county-level fatal crashes using the IV and RDD

approach.

The results would help us to form a better policy solution such as whether to keep
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DST and end clock changes. The bene�ts of the DST include decreased crime (Doleac and

Sanders, 2015) and cost of the DST would be related to sleep loss with transitions. A better

solution would keep the bene�ts of DST while diminishing the costs of the transition. For

example, on March 15, 2022, the U.S. Senate passed the Sunshine Protection Act of 2021,

which would keep a permanent DST and end clock changes, but this Act has not made it

to the U.S. House for discussion. In addition, the results could contribute to constructing

social schedules such as work schedules and school start times in ways that promote sleeping,

which is related to health and productivity.

This paper is also linked to Gibson and Shrader (2018), who use IV speci�cation

to study the impact of sunset variation within a location over time and sunset variation

within a time-zone on wages and �nd that a one hour increase in weekly sleep results in 1.1%

increases in wages in the short run and 5% in the long run. I employ a similar econometric

approach to examine the e�ects of monthly sleep on fatal vehicle crashes at the county

level, both in the short run and long run. Additionally, I incorporate the RDD method to

estimate the long run e�ects.

A recent �eld experiment by Bessone et al. (2021) shows that a randomized three-

week treatment to improve sleep in Chennai, India, increases sleep time by 27 minutes at

night, which has no signi�cant impact on cognition, productivity, or well-being. However,

short naps in the afternoon help to improve the productivity, psychological well-being, and

cognition. Instead of using �eld experiment, I am using non-experimental data to examine

the impact of sleep.

Furthermore, Jin and Ziebarth (2020) study the hospital admissions impact of

DST. Using an event study method, they �nd that the hospitalization rates decrease after
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the transition into standard time by adjusting the time back by one hour during fall and

this e�ect continues for four days after the fall transition. My paper di�ers by using IV

and RDD instead of event study method to estimate the short-run causal impact of sleep

on tra�c crashes.

In addition, Giuntella et al. (2017) uses IV method to analyze the causal impact

of sleep deprivation on cognition and depression of older workers in urban China. They use

sunset time as instrument and �nd that a later sunset time decreases sleep time and an

increase in sleep duration could improve cognition and reduce depression. I am using the

similar strategy of IV, but I am focusing on the short-run e�ects of sunset variation in the

United States instead of the long-run impacts in urban China.

Another paper by Giuntella and Mazzonna (2019) uses spatial regression discon-

tinuity design (RDD) to examine the health and income e�ects due to the discontinuity

in sunset time at a time-zone boundary in the U.S. and �nd that an extra hour in sunset

time leads to an average of 19 minutes decrease in sleep duration. In addition, they �nd

the insu�cient sleep is associated with negative health outcomes such as obesity, diabetes,

cardiovascular diseases, and breast cancer. Rather than analyzing the long-term e�ects of

exposure of light in the evening on health outcomes, I aim to measure both the short-run

and long-run e�ects of sunset timing on fatalities. This paper con�rms that sleep depriva-

tion could a�ect the productivity and health of people through increasing the risk in fatal

vehicle crashes.
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Academic Achievement

Second, this paper is related to the research that estimate the e�ects of school

start times and sleep on academic achievements (Dills and Hernandez-Julian, 2008; Ed-

wards, 2012). Researchers �nd that starting school later has a signi�cant positive impact

on academic scores for students and sleep is one of the mechanisms that could explain this

impact. For example, Carrell et al. (2011) use the policy adjustments in the daily timetable

at the US Air Force Academy as well as randomized allocation of freshman students to

courses and conclude that starting school 50 minutes later has substantial constructive

e�ect on test scores, corresponding to a one-standard-deviation increase in teacher quality.

In addition, a related work by Heissel et al. (2017) uses students moving across time

zone border in Florida as instrument for hours of sunlight and �nds that changing school

start time one hour later relative to sunrise improves academic performance for adolescents

in math and reading. The results are in line with sleep researchers' �ndings, which shows

that later start times are bene�cial for adolescent learning. However, it is not clear if sleep

has a direct causal impact on the academic scores.

A �eld experiment by Avery et al. (2019) studies the e�ect of increased sleep on

health and academic outcomes using commitment devices and monetary incentives. They

�nd that the subjects in the treatment group are more likely to increase sleep duration and

the treatment has positive but small impact on health and academic outcomes. This paper

contributes to this literature by analyzing the direct causal impact of sleep on fatal vehicle

crashes using non-experimental data to provide insights in the real-world scenarios.
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1.4 Data

1.4.1 Individual Sleep Duration (ATUS)

Figure 1.1: Sleep Duration

Notes: This graph shows the average sleep duration by day of week and distribution of sleep duration from
ATUS (2004-2019).

The individual sleep duration data used in this study is derived from the American

Time Use Survey (ATUS), which is sponsored by the U.S. Bureau of Labor Statistics (BLS)

and conducted by the U.S. Census Bureau. The ATUS has been conducted since 2003 and

is the �rst continuous survey on time use in the United States. The survey randomly selects

individuals from households that have recently completed the eight-month interview for the

Current Population Survey (CPS). The ATUS interviews are conducted between two and

�ve months after the last CPS interview. The main objective of the ATUS is to gain insights

into how people allocate their time.

To collect data on sleep duration, the ATUS utilizes a time diary method through

computer-assisted telephone interviews. Respondents are asked to recall the time they

spent on each activity from 4:00 am on the previous day to 4:00 am on the day of the
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interview. This approach ensures that the time diaries can be summed to a total of 24

hours, minimizing potential biases. For each activity, the ATUS collects either the ending

time or the duration of the activity, and the interviewer records the responses verbatim,

which are later coded (Hamermesh et al., 2005).

It is worth noting that the sleep duration measurements obtained from the ATUS

tend to be higher than those obtained from other surveys that use stylized questions, such

as the Behavioral Risk Factor Surveillance System (BRFSS), by approximately 1.7 hours.

On average, the ATUS reports a sleep duration of around 8.7 hours per night, whereas

the BRFSS reports an average sleep duration of about 7 hours (Kaplan et al., 2020). This

disparity can be attributed to the fact that the ATUS diary measures encompass activities

such as napping, dozing, falling asleep, and waking up (Basner et al., 2007).

I will use sleep data at the county level, which is only available from 2004 onwards,

to examine the impact of sleep prior to the COVID-19 pandemic. For this analysis, I have

included sleep data from the years 2004 to 2019, resulting in a total of 210,586 observations

spanning from 2003 to 2020. To ensure the accuracy of the analysis, I have only included

individuals who are part of the labor force, as indicated by the ATUS-CPS dataset from 2003

to 2020. It is important to note that the CPS dataset does not provide county information

for individuals residing in counties with a population of less than 100,000. Consequently,

I was only able to match 38.5% of the sample. As a result, the �ndings from the ATUS

dataset are more representative of counties with a higher degree of urbanization.

To address potential confounding factors, I have narrowed down the analysis to

individuals aged between 18 and 55, excluding retired individuals and high-school age work-

ers. Additionally, I have limited the sample to individuals who sleep between 2 and 16 hours
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per night. It is worth noting that those who sleep less than 2 hours make up less than 1% of

the total sample. After applying these restrictions, the �nal sample consists of 53,552 ob-

servations, with 49,671 individuals being employed. This employed group represents 92.8%

of the total sample.

In this analysis, I have incorporated various socio-demographic variables, including

age, race, sex, education, marital status, nativity status, and number of children. Addition-

ally, I have taken into account geographic characteristics such as latitude and indicators for

large counties and coastal counties.

Figure 1.1 illustrates the distribution of sleep duration, revealing that individuals

tend to sleep more during weekends. To further support my �ndings, Table 1.1 presents the

summary statistics for the analysis, combining data from both ATUS and FARS. Notably,

the average sleep duration in my sample is 8.61 hours.

By utilizing the interview date and location coordinates (latitude and longitude),

I was able to determine the daily sunset time for each individual in the sample from 2004 to

2019, as well as the average sunset time in the corresponding county in 2012. To perform

these calculations, I utilized the R studio package called \suncalc." This package relies on

the formulas provided by Astronomy Answers regarding the position of the sun and the

planets. To ensure accuracy, I cross-veri�ed the sunset time obtained through this method

with the sunset time calculated using the Sunrise/Sunset and Solar Position Calculators

provided by the National Oceanic and Atmospheric Administration (NOAA).
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Table 1.1: Summary Statistics

(1) (2) (3) (4) (5)
All Female Male Employed Unemployed

mean/sd mean/sd mean/sd mean/sd mean/sd

Crashes per 100,000 Population 0.74 0.74 0.73 0.74 0.72
(0.46) (0.47) (0.46) (0.47) (0.45)

Sleep Duration (Hours) 8.61 8.69 8.52 8.56 9.25
(2.05) (2.04) (2.06) (2.04) (2.13)

Age 38.75 38.61 38.90 39.01 35.28
(9.71) (9.74) (9.67) (9.54) (11.13)

White 0.78 0.75 0.80 0.78 0.69
(0.42) (0.43) (0.40) (0.41) (0.46)

Black 0.14 0.17 0.12 0.14 0.23
(0.35) (0.37) (0.32) (0.34) (0.42)

High School 0.48 0.48 0.48 0.47 0.60
(0.50) (0.50) (0.50) (0.50) (0.49)

College 0.44 0.45 0.43 0.45 0.21
(0.50) (0.50) (0.49) (0.50) (0.41)

Married 0.54 0.50 0.57 0.55 0.39
(0.50) (0.50) (0.49) (0.50) (0.49)

Nativity Status 0.77 0.79 0.76 0.77 0.75
(0.42) (0.41) (0.43) (0.42) (0.43)

Number of Children 1.09 1.11 1.06 1.08 1.14
(1.15) (1.12) (1.18) (1.14) (1.23)

Holiday 0.02 0.02 0.02 0.02 0.02
(0.13) (0.13) (0.12) (0.13) (0.13)

Latitude 37.25 37.20 37.29 37.26 37.02
(5.05) (5.07) (5.04) (5.05) (5.07)

Large County 0.68 0.68 0.68 0.68 0.72
(0.47) (0.47) (0.46) (0.47) (0.45)

Weekend 0.51 0.51 0.50 0.51 0.50
(0.50) (0.50) (0.50) (0.50) (0.50)

N 36296 18569 17727 33811 2485

Notes: Data are from ATUS (2004-2019) and FARS (2004-2019). Latitude and longitude are from US
Census Bureau. The sample is restricted to people who are in the labor force and aged between 18 and
55. The crashes data from FARS are matched to the ATUS data at county-year-month level.
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1.4.2 Fatal Vehicle Crashes (FARS)

The data on fatal vehicle crashes is collected from the Fatality Analysis Reporting

System (FARS), which was developed by the National Center of Statistics and Analysis

(NCSA) of the National Highway Tra�c and Safety Administration (NHTSA). FARS has

been gathering information on fatal vehicle crashes from all 50 states in the United States

since 1975. In order to be included in FARS, a crash must involve a motor vehicle traveling

on a public tra�cway and must result in the death of at least one motorist or non-motorist

within 30 days of the crash.

FARS provides detailed information on the exact time and location of the accident,

as well as the road type, light condition, and weather. For my analysis, I will be using the

data from 2004 to 2019, which consists of 539,052 observations. On average, there are

approximately 33,690 fatal crashes each year, resulting in about 92 fatal crashes per day

across the entire United States. It is worth noting that fatal crashes are more likely to occur

between 4pm and midnight, as well as on weekends.

Data on non-fatal crashes is not available for the entire nation, as many states do

not maintain a standardized database for such incidents. While analyzing only the data on

fatal vehicle crashes provides valuable insights, it does create a lower bound of the impact

of sleep on all types of vehicle crashes.
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1.5 Empirical Methods

1.5.1 Identi�cation Strategy 1: Sunset Time as Instrument (IV)

This study aims to investigate the causal impact of sleep durations on fatal vehicle

crashes. However, there are two main concerns that need to be addressed. The �rst concern

is the possibility of omitted variables bias, which means that there may be other variables

that are associated with both sleep duration and crashes. The second concern is reverse

causality, which suggests that fatal vehicle crashes could actually a�ect sleep duration.

To overcome these challenges, I will employ an instrumental variable (IV) strategy

to measure the causal relationship between sleep and crashes. This strategy has been used

in previous studies, such as the one conducted by Gibson and Shrader (2018) to examine

the causal in
uence of sleep duration on wages in the United States.

In order to estimate the short-term e�ects, I will use the variation in sunset times

across a speci�c location throughout the year. This will allow me to capture the immediate

impact of sleep duration on fatal vehicle crashes. For the long-term e�ects, I will consider the

variation in sunset times across di�erent locations in the United States to provide insights

into the lasting e�ects of sleep duration on crashes.

I will provide background information on the relationship between sunset and

sleep, then discuss the short-term and long-term speci�cations separately, explaining how

each approach contributes to our understanding of the causal relationship between sleep

and fatal vehicle crashes.
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Relationship between Sunset and Sleep

The timing and duration of sleep are strongly associated with the rising and set-

ting of sun. This biological relationship between sleep and daylight provides the reasoning

for why selecting sunset as instrument for sleep. Roenneberg et al. (2007) show that light

is the strongest signal from the environment for human biological clock and �nd that sun

time, rather than social time, has the primary in
uence on the synchronization of human

circadian rhythm. The circadian system is a strong force that synchronize with environ-

mental stimuli. Nearly every living creature has an internal clock that is set to the Earth's

24-hour rotational timetable. This internal circadian rhythm helps the body to anticipate

the external environment, such as when the sun will rise and set, as well as the optimal

times to sleep, wake, eat, and exercise. Individuals who do not sleep at their ideal circadian

timing or who are sleep deprived compared to intrinsic sleep need are facing more negative

health outcomes (Ashbrook et al., 2020). Due to the circadian rhythm, the variation in

daylight could a�ect sleep habits.

Location and seasonal variation in sunset time could all cause a change in sleep

patterns. Researchers �nd that individuals living in a location with later sunset time tend to

sleep later (Gibson and Shrader, 2018; Giuntella and Mazzonna, 2019). The sunlight changes

across year also a�ect the sleep patterns (Hubert et al., 1998). Latitude and longitude could

both in
uence the sunset and sunrise time. For example, Campante and Yanagizawa-Drott

(2015) use the interaction of latitude and the rotation of lunar calendar to identify the causal

relationship between the length of Ramadan fasting and the economic growth in Muslim

countries. In addition, Brockmann et al. (2017) explore the associations between sleep
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duration and latitude in Chile and �nd that people sleep longer with increasing latitude.

Furthermore, Friborg et al. (2012) analyze the associations between seasonal variations in

day length and sleep comparing Ghana and Norway and �nd that lack of daylight was

related to change of sleep patterns. The change in sleep pattern could a�ect the sleep

duration due to work and school scheduling.

Rigid work and school schedule could disrupt human circadian rhythms and cause

health and productivity issues. In the recent economic literature, the distribution of time

among market work, home production work, leisure, and rest has been a major topic (Becker,

1965; Gronau, 1977; Aguiar and Hurst, 2007; Guryan et al., 2008; Aguiar et al., 2013;

Carneiro et al., 2015; Bastian and Lochner, 2020). The allocation of time could depend on

the working and school schedules, and the social times are usually synchronized for optimal

welfare (Weiss, 1996; Hamermesh et al., 2008). If people could wake up late to compensate

sleep late, then the sleep duration would be the same. However, workers and students have

the forced synchronization of work and school scheduling, thus later sunset and bedtime

would shorten sleep duration in the short and long term. A decrease in sleep duration

could disrupt human circadian rhythms, which could post negative e�ects on health and

productivity (Cappuccio et al., 2010).

Daily Sunset Time Variation for Short-Run Analysis

In the short run, I will use the daily sunset variation in one location across the

year as the instrument. Figure 1.2 shows that the sunset time is like a cosine wave over a

year. The latitude of the location determines the amplitude of the wave, and the longitude
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Figure 1.2: Daily Sunset Hour - Short Run Analysis

Notes: This graph depicts the daily sunset hours for counties sampled by ATUS in the continental United
States in 2012. The y-axis shows the sunset hour in 24 hour time. For example, 16:00 is the same as 4:00pm.
Mar 11 is when the DST starts and Nov 4 is when the DST ends in 2012. Jun 20 is the summer solstice and
Dec 21 is the winter solstice. The setup of this graph is similar to Gibson and Shrader (2018).

variation within a time zone de�nes the average sunset time, which is used to estimate

the long-run e�ects. The substantial spring and fall leaps generated by DST is another

characteristic of the sunset time. There is a regular seasonal pattern, and the sunset time

is generally late during summer and early during winter. The later sunset time in the

summer could result in shorter sleep duration, which could impact the attention and disrupt

circadian rhythm.

In terms of the instrument validity, the �rst requirement is the instrument of

sleep must be strongly correlated with sleep. The F test for the �rst stage is 11.94 for

unconditional model and 10.93 for conditional model, which are both greater than 10. This

suggest that this instrument has a strong �rst stage. The second requirement is that the

instrument of sleep cannot be correlated with the error term in the equation of interest. If
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the instrument meets this requirement, then this instrument satisfy the exclusion restriction.

The exclusion restriction validity requires that other crashes determinants do not correlate

with daily sunset time in a location. Since sunset time follows a predictable seasonal pattern,

the major challenge to this assumption is seasonally varying crash determinants.

One potential concern of the identi�cation strategy is that sunset time varies sea-

sonally, so does sunrise time and daylight duration. Medical research show that the length

of daylight has a positive e�ect on mood as the sunlight could help the body to produce

vitamin D, which could a�ect mood and depression (Murase et al., 1995; Lambert et al.,

2002; Kj�rgaard et al., 2012; Friborg et al., 2012). Furthermore, exposure to more light in

the evening could provide incentive to exercise more (Wol� and Makino, 2012). If daylight

in
uences both crashes and sleep through mood or another channel, the short-run results

could be misleading. To address the seasonality issue, I include the controls for seasonality,

such as year-month �xed e�ects and I got the similar results. I assume that the crash

determinants such as the mood due to seasonality do not correlate with the sunset time.

Other confounding factors may include icy road in winter and drinking behaviors

etc. Those unobserved confounding factors could be correlated with sunset time as well as

the crashes. Including the time �xed e�ects could alleviate the concern of di�erent road

conditions in various seasons. Adding the county �xed e�ects could address the issue that

the north and south locations would have di�erent road conditions during winters. I use

sunset time instead of sunrise time because the rigid work and school schedules would a�ect

the wake up time, and the sunset time may have a larger impact on the sleep duration for

employed people.
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Average Sunset Time Variation for Long-Run Analysis

Figure 1.3: Average Sunset Hour - Long Run Analysis

Notes: This graph shows the average sunset hours for all counties in the continental United States in 2012. I
used sunset time package \suncalc" from R studio to calculate the average sunset time. I separated counties
into 5 quintile based on the average sunset time in 2012. Darker color implies later sunset. The time zone
border lines are in blue. The setup of this graph is similar to Gibson and Shrader (2018) and Giuntella and
Mazzonna (2019).

In the long run, I will use the average sunset variation across locations as instru-

ment. Figure 1.3 depicts the average sunset time for the continental United States in 2012.

The eastern part gets darker late in a time zone, which indicate that the people who live in

eastern areas are more likely to go to bed later and sleep less. Within a U.S. time zone, the

largest variance in sunset time is around 1 hour. The average sunset time is constant re-

gardless of latitude. Since all counties in the continental U.S. have almost the same average

annual daylight, this is not a confounding factor in the long-run study.

Time and scheduling were not consistent across the United States until the de-

velopment of the railroad tra�c after the Civil War. America's railroads started the �rst

U.S. time zones on November 18, 1883, known as Standard Railroad Time. Later in 1918,

the Standard Time Act established the current four continental U.S. time zones including
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Eastern, Central, Mountain, and Paci�c. Since then, the time zones have been in e�ect,

with only minor adjustments at the margins. Currently, 12 of the 48 continental states are

in more than one time zone (Bartky, 1989; Hamermesh et al., 2008).

The purpose of the invention of DST was to save energy during times of war. In

1918, the United States established a formal DST schedule, but it was overturned when

World War I ended due to its inconvenient nature. In 1966, President Johnson signed the

current U.S. DST scheme into law. Each state can surpass the law by enacting its own

legislation. In 2007, the DST time was extended by four weeks. Except for Arizona and

Hawaii, most states in the United States implement DST, and Indiana began to adopt DST

in 2006 (Kamstra et al., 2000).

State and local government could require the Department of Transportation (DOT)

to change time zones (Valpando, 2013). This alteration of time zone borders suggest that

time zone is not set randomly. Counties have changed in both westward and eastward di-

rections, and it is more common to switch to the east side, which has later sunset. Since the

position of the border is not exogenous, comparing nearby counties on the opposite sides of

the border could lead to biased results under regression discontinuity design. In addition, I

could exclude counties that do not adopt DST to avoid possible endogeneity issue.

As for instrument validity, I �rst check if the average sunset instrument is strongly

correlated with sleep. The F test for the �rst stage is 0.02 for unconditional model and 0.01

for conditional model and this suggest that this instrument is a weak instrument. Possible

confounding factors include sorting and coastal distance, which could possibly correlates

with the sunset instrument and the determinants that a�ect the crashes. Individuals could

sort on the eastern of western side of a time zone border, which suggest that there is
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correlation between average sunset time and population density. In addition, the average

sunset time could correlate with coastal distance since sunset time is related to longitude.

Coastal distance could a�ect the risk of vehicle crashes because individuals report better

overall health and mental health when they live close to the seaside (White et al., 2013).

1.5.2 Identi�cation Strategy 2: Discontinuity in Sunset Time at Time-

zone Border (RDD)

The RDD strategy exploits the sharp discontinuity in sunset time across time zone

borders. Figure 1.4 shows there is a distinct discontinuity in sunset time around the border,

with sunset occurring approximately one hour later for counties situated on the west side

of the time zone boundary compared to those on the east side. Figure 1.5 illustrates the

process of determining the distance of counties to the nearest time zone border within a

400-mile radius using QGIS. Initially, I isolated the time zone borders between each time

zone by employing the "split features" function. Subsequently, I utilized the "shortest line"

function between the centroids of each county and the time zone borders.

In the RDD framework, it is essential to assume that there are no disparities in

observable or unobservable attributes that could introduce confounding e�ects into the out-

comes. Unlike a conventional regression discontinuity design, it is not possible to directly

compare individuals living on opposite sides of the time zone boundary because they would

be residing at di�erent latitudes. To enable the comparison of individuals residing in neigh-

boring counties, this analysis includes a set of geographic reference variables and utilizes

linear controls for latitude.
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Figure 1.4: Sunset and Distance to Time Zone Border for Unemployed

Notes: This graph shows the discontinuity in sunset time over distance to time zone borders. The distance
are calculated using QGIS. I used sunset time package \suncalc" from R studio to calculate the average
sunset time. The scatterplot is weighted by the number of observations in distance group. The distance
group is calculated using the cut command in Stata.
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