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Abstract

This dissertation is composed of three chapters that apply econometric techniques to solve questions in the
health and labor economics fields. The first chapter assesses the impact of obesity on labor market outcomes
over economic downturns. Specifically, I measure labor market differentials between obese and healthy weight
workers over business cycle fluctuations using two national surveys. I find that when unemployment increases,
obese individuals experience larger declines in income relative to those who are not obese. These findings
are robust to the inclusion of occupation fixed effects, suggesting the findings cannot be fully explained by
obese workers selecting careers that tend to have greater sensitivity to business cycle fluctuations.

The second chapter of this dissertation is joint work with Timothy Halliday, Lester Lusher, and Aureo
de Paula. This study pairs variation stemming from volcanic eruptions with panel data on the census of
Hawai‘i public student test scores to estimate the impact of pollutants on student performance. We first
precisely estimate a small drop in average test scores. Then, utilizing Hawai‘i’s rich diversity across schools
in baseline exposure, we estimate sharp nonlinearities - effects for schools with PM, 5 levels above 9 ug/m?
are nearly five times the magnitude as for schools below. Lastly, we find that the drop in test scores for
economically disadvantaged students is nearly four times the magnitude of their advantaged counterparts.
This performance gap across student type arises from within school variation, suggesting the gap cannot be
explained by differences in school resources.

The final chapter of this dissertation is in collaboration with Maya Ward. In this study, we use the 1997
cohort of the National Longitudinal Survey of Youth (NLSY) to analyze the effect of economic downturns on
labor market outcomes differentially across the Big Five personality traits. There is still a large amount of
unexplained variation in various labor market outcomes after accounting for observable characteristics (age,
gender, education, etc) indicating that unobservable characteristics (personality, work ethic, etc) may also
play an important role. While the psychology literature has investigated the relationship between personality
and labor market outcomes, there are far fewer studies that incorporate personality traits in the economics
literature. Furthermore, findings that assess the impacts of the Big Five on economic outcomes are mixed
due to differences in the data used. We find that those who report higher levels of emotional instability tend
to see larger unemployment insurance take up and fewer weeks of employment during economic downturns
relative to those who are more emotionally stable. Additionally, the effects do not seem to be driven by
employer discrimination, as it may be that higher levels of emotional instability cause workers to be less

productive during recessions.
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Chapter 1

Only the Fit Survive (Recessions):
Estimating Labor Market Penalties
for the Obese Over the Business Cycle

1.1 Introduction

Though there are anti-discrimination laws in place to protect vulnerable groups, labor market discrimination
still exists. Most of the discrimination literature has been built on Beckers The Economics of Discrimination,
which introduced the first model of employer taste-based discrimination in which employers prejudice can
harm labor outcomes for minority workers (Becked, 2001). Previous studies have shown that substantial
discrimination exists based on gender, race, and even appearance (Berfrand and Hallock, 2001; Berfrand
and Mullainathan, 2004; Hamermesh and Biddld, 1994). Furthermore, discrimination can lead to bigger
wage gaps during looser labor markets as shown in Biddle and HamermesH (2013) and [Carlsson, Fumarco!
and Roofh (201R).

In this paper, I present new evidence on how discrimination against obese workers manifests itself over the
business cycle. Analyzing the interplay between labor market outcomes, the business cycle, and obesity can
shed some insights into possible labor market discrimination faced by obese workers. To better understand
this, I note that during recessions, labor supply exceeds the demand for labor, which gives employers greater
bargaining power and thereby increases the scope for discrimination. Given this, we could expect labor
market gaps to widen during economic downturns due to discrimination.

The obesity epidemic is a growing concern in the United States. According to the Center for Disease
Control (CDC), the average American adult is overweight.” Between 1999 and 2018, the prevalence of
obesity increased by nearly nine percentage points (Fryar, Carroll, and Ogden, 20IR). Currently, the US
adult obesity rate is over 40% (Frvar et all, 201R). Although there have been a number of initiatives aimed
at combating the obesity epidemic, the US obesity rate has grown at an increasing rate. Obesity is not

only associated with a number of health conditions (Calle_and Thun, P004; Hossain, Kawar, and El Nahas,

T According to the CDC, an individual who is overweight has a BMI that is greater than or equal to 25 and
less than 30.



p007), studies have also shown that it is associated with weaker labor market outcomes (Banm and Ford,
pod; Caliendoand Ted, 2013, Cawley, 2004; Deb. Gallo, Ayvagari, Fletcher, and Sindelay, P1; Pagan and
Davila, 1997). Most of the literature agrees that the negative impacts of obesity on labor outcomes are more
prevalent amongst females (Averetf and Korenmann, [996; Bhattacharva and Bundorf, 2009; Caliendo and
Led, 20T3; Mason, 2007; Pagan and Davild, [997). For example, (7004) finds that an increase in
body weight lowers wages specifically for white females. However, some have found obesity is negatively
associated with labor outcomes for both genders (Baum -and Ford, 2004; Morris, 2007; Roofh, 2009).

In this study, I follow the methodology of Biddle-and HamermesH (2013) to identify the causal effect of

the business cycle on labor market outcomes for obese and non-obese individuals. Much like prior studies
that use the business cycle to study discrimination, I look to see if obese workers see greater decreases in
their income than their healthy weight peers during cyclical downturns. I include occupation fixed effects
which control for the possibility of differential responses in career choices between obese and non-obese
workers across the business cycle. Though there have been several studies that analyze the relationship
between obesity and labor market outcomes (Baum _and Ford, 2004; Caliendo and TLed, 2013; Cawley, PO04;
Debh"ef all, P01, Pagan and Davild, 1997), none have investigated how the business cycle impacts these

differentials.

Discrimination against obese workers has been documented in laboratory settings by sociologists since
1979 (Carkin and Pined, 979; Roehling, 1999; RootH, 2009). Since 2008, those with severe obesity have been
protected under the Americans with Disabilities Act (Shinall, 2006). However, the labor market gap between

obese and non-obese workers persists. Although there are differing ideas about the mechanisms behind the
obesity labor market penalty, one common explanation is employer discrimination. Despite the fact that

a large percentage of the adult population is overweight or obese, there is still a stigma attached to obese

workers. [Agerstrom and RootH (2001) argue that employers perceive heavier workers as less productive.

Bhattacharya and Bundor{ (2009) argue that obesity discrimination is driven by greater health risk and thus

higher healthcare expenditures for companies with employer sponsored healthcare. Though previous studies
have looked at the relationship between obesity and labor market outcomes, few have been able to establish
a causal channel.

In this study, I use the 1997 cohort of National Longitudinal Survey of Youth (NLSY) and the Behavioral
Risk Factor Surveillance System (BRFSS) for my analysis. The NLSY is a panel survey that began inter-
viewing nearly 9,000 youths in 1997 and now conducts interviews bi-annually. The survey collects data on
each individual’s demographics, work history, education outcomes, health, and more. I focus on individuals
ages 18 to 36 years old from the survey waves 2000-2011, 2013 and 2015. My analysis uses the NLSY’s re-
stricted data which provides each individual’s residence at the county level. The granularity of county level
data allows for greater variation across estimates. I also extend my analysis using the BRFSS, a repeated
cross section study with over 400,000 adults interviewed annually. The BRFSS includes individuals over a
more expansive age range (18-64 years old), with the trade-off of losing the ability to estimate my model
with occupation fixed effects.

Using the NLSY, I find that obese workers receive lower income relative to their non-obese peers. This
income gap widens during economic downturns, displaying a counter-cyclical pattern. My results are robust
to the inclusion of occupation fixed effects, suggesting that these findings are not driven by obese workers
differentially selecting into careers that may fluctuate relatively more with the economy. Moreover, I find

that the counter-cyclical income effects are predominantly driven by obese women. Looking at weeks of



employment, I find that obese men face greater decreases in the number of weeks worked over economic
downturns relative to their non-obese peers. Results from the BRFSS show that the income gap between
obese and healthy weight workers increases over cyclical downturns for both genders. Employment gaps are
also counter-cyclical for both male and female obese workers. Taken together, I conclude that decreases
in income and employment over economic downturns are larger for obese workers, which may reflect labor

market discrimination.

1.2 Data

The empirical framework in this paper use two data sets for analysis, the National Longitudinal Survey of
Youth (NLSY) and the Behavioral Risk Factor Surveillance System (BRFSS).

1.2.1 National Longitudinal Survey of Youth

The NLSY is a nationally representative longitudinal survey that follows a sample of American youths. The
NLSY 97 cohort consists of nearly 9,000 individuals who were born between 1980 and 1984. This cohort
has been surveyed 18 times thus far and are now interviewed biennially. I use the NLSY’s geocode which
reports each individuals county of residence during each interview round. This study uses data from the
years 2000-2011, 2013 and 2015. I do not include data before 2000 since the majority of the youths in the
cohort were still in primary school at that time. I also drop youths who are younger than 18 years old.
Thus, the individuals in this study range from 18 to 36 years old. I use the log of the individuals income in
wages, salary, commissions, or tips over the past year and also the number of weeks employed in a year as the
dependent variables for my analysis. In order to capture discouraged workers in the data, I keep individuals
who reported zero earnings for the year. Thus, I set income for these individuals as one dollar before taking

the log.

1.2.2 Behavioral Risk Factor Surveillance System

The Behavioral Risk Factor Surveillance System (BRFSS) is an epidemiological surveillance survey sponsored
by the Center for Disease Control (CDC) and other federal agencies. The data is a repeated cross-section
survey established in 1984 that interviews roughly 400,000 American adults annually. To keep my results
consistent with the NLSY, I use survey waves from the years 2000-2018. The BRFSS asks individuals to
report their income within one of eight possible income brackets. I code income for each individual as the
mean of their reported income bracket. For the top income bracket, I code income as the minimum of the
income bracket (because there is no maximum). Respondents are asked to report their age within a 5 year
bracket. I eliminate those who are over the 60-64 year old age bracket. Thus, individuals in the BRFSS
sample are ages 18 to 64 years old. Though the BRFSS may be less comprehensive than the NLSY, the
individuals in the BRFSS represent a wider age range of the adult population. In comparison, the NLSY

samples a younger adult population. In addition, the BRFSS has a much larger sample size.



1.2.3 National Health and Nutrition Examination Survey

Self-reported weight tends to include some degree of misreporting error which may lead to biased estimates
(Dudgd, MI85). In order to correct for this, I exploit both self-reported and physical examination data from
the National Health and Nutrition Examination Survey (NHANES) for the years 2000-2017. The NHANES is
a program conducted by the CDC that assesses the health and nutritional status of US adults and youths. A
unique feature of this survey is that it includes both self-reported surveys and physical examinations for each
individual. Thus, researchers can compare self-reported survey data to true values of health measures for
each participant. Following the methodology of Lee and Sepanski (I995) and Bound, Brown. and MathiowetZ
(2o0m), T regress actual weight onto self-reported weight and its square for each gender by race. I then predict
actual weight using self-reported weight in both the NLSY and BRFSS. I use these body weight estimates
to calculate each individuals BMI in the NLSY and the BRFSS.

1.2.4 Business Cycle Measure

Following numerous studies, including Biddle and Hamermesh (2013), T use the unemployment rates from the
Bureau of Labor Statistics (BLS) as an indicator for the business cycle. The BLS publishes the unemployment
rate monthly at the country, region, state, county and metropolitan statistical area level. The data is
originally collected from the Current Employment Statistics, a monthly survey conducted by the BLS. The
survey sample size includes approximately 140,000 businesses and government agencies drawn from a total of
about 9 million unemployment insurance tax accounts. For the NLSY and BRFSS, I use the unemployment

rate at the county-year level and state-month level, respectively.

1.2.5 Summary Statistics

In both data sets, I calculate each individuals body mass index? (BMI) using their height and weight. I then
generate a dummy variable equal to one if an individual’s BMI is in the obese range and zero otherwise.
According to the CDC, an individual is considered obese if he or she has a BMI of 30 or greater. Since weight
increases during pregnancy, and pregnant women may be subject to differential labor market conditions
(Budig _and England, 2001), I eliminate pregnant women. To keep my results consistent across data sets,
I categorize each individual as either white, black, or other race. I then eliminate self-employed workers
since employer discrimination does not apply to them. However, I later run my baseline specification with
a sample of self-employed workers only as a robustness check to see if there are any significant effects of the
business cycle on labor market differentials for this group. I also remove active members of the armed forces,
resulting in 8,694 unique individuals in the NLSY and 4,159,584 observations in the BRFSS.

Table I displays summary statistics for both the NLSY and BRFSS. Among those in the NLSY sample,
the mean labor income is relatively low at less than $24,000 per year (in nominal US dollars). Moreover, 21%
of individuals have college degrees, 22% are married and the average number of weeks employed in a year is
roughly 36 weeks. These statistics represent characteristics of a much younger group. The mean age in this
sample is nearly 25 years old. On the other hand, the average age in the BRFSS sample is about 45 years
old. The mean income is about $48,000 (in nominal US dollars), about 93% of the sample is employed and

over half the sample is married. The individuals in the BRFSS reflect a sample much more representative of

2Body mass index is calculated by dividing weight in kilograms by height in meters squared.
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the total US working population. Furthermore, the mean unemployment rate in the NLSY sample is slightly
higher than the BRFSS sample and also has a larger standard deviation. This is reflective of the greater
variation in unemployment at the county level in comparison with state level unemployment rates.

Using the survey answers of body weight and the estimated true values®, I calculate each individual’s
BMI. In Table I, self-reported weight indicates the survey respondents self-reported body weight prior to
correcting for measurement error. In both the NLSY and BRFSS samples, corrected values of body weight
are greater than self-reported values, indicating that survey respondents tend to underreport their weight.
Using the corrected values of weight, I construct a variable for BMI. The mean BMI in the NLSY sample is
27 while the mean BMI in the BRFSS sample is approximately 28. I create a dummy variable for obesity
equal to 1 if an individual has a BMI of 30 or greater. In the NLSY sample, 29% of the individuals are obese
while 31% of individuals in the BRFSS sample are obese.

Table 1.1: Summary Statistics

NLSY BRFSS

Variable Mean Std. Dev. Mean Std. Dev.
Female 0.49 0.50 0.58 0.49
Age 24.82 4.35 45.08 12.71
Height (in.) 67.50 4.26 66.98 4.07
Self-Reported Weight (Ibs.) 174.61 46.01 178.46 45.70
Estimated Weight (Ibs.) 176.11 46.70 180.57 45.89
Body Mass Index 27.09 6.53 28.20 6.40
Obese 0.29 0.45 0.31 0.46
Annual Income 23,882.69 22,576.26 48,006.75 24,033.19
Weeks Employed Per Year 36.83 19.64
Employed 0.93 0.26
Unemployment Rate 6.37 2.48 5.76 2.08
College Degree 0.21 0.41
Attended College 0.65 0.48
White 0.57 0.50 0.81 0.39
Black 0.28 0.45 0.10 0.30
Other Race 0.15 0.36 0.09 0.29
Number of Children 0.57 0.99 0.79 1.16
Married 0.22 0.42 0.56 0.50
Urban Residence 0.81 0.40
ASVAB Test Scores 45,243.48  29,350.72

N=8,694 NT=4,159,584

Data from the NLSY uses survey waves 2000-2013, 2015 and 2017. Data from the BRFSS uses survey
waves 2000-2019. Self-reported weight indicates the individuals self-reported weight before adjusting
for measurement error. Estimated weight indicates the individuals estimated weight after adjusting for
measurement error. Annual income is reported in nominal US dollars. ASVAB Test Scores are age-
adjusted math and verbal test scores. N represents the number of unique individuals for the NLSY. NT
represents the number of person-month observations for the BRFSS.

3Estimated values of true body weight are found following the methodology from Lee and Sepanski (I995)
and Bound efall (2001) as described in section 2.3.
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1.3 Empirical Methodology and Results

1.3.1 NLSY Empirical Methodology

Using data from the NLSY, I analyze the effect of the business cycle on income and employment differentials
between obese and healthy weight workers following the methodology of Biddle-and Hamermesh (2013). My

model is estimated as follows:

Yiet = Bo + B10s + BoUct + 83044 x Uey + v Xjer + 05 + Ve + Tt + €iex

where Y. is the log of income or the number of weeks individual ¢ worked in county c in year t. The
variable, Oy is a dummy variable equal to 1 if an individual is obese and 0 otherwise. The variable, U, is
the de-meaned unemployment rate reported in percentage points at the county-year level. The term X;. is
a vector of covariates and d;, v, and ¢ are occupation, county and year fixed effects respectively. Standard
errors are clustered at the county-year level.

Theoretically, given that the NLSY is an individual level panel, I can include individual fixed effects in
my model. However, the inclusion of individual fixed effects exacerbates the attenuation bias caused by
measurement error in the county level unemployment rates. The BLS collects unemployment data through a
survey of roughly 140,000 businesses and government agencies and uses a time-series model to estimate true
values of unemployment. However, there still exists some degree of measurement error due to the relatively
small sample size of the survey, especially at the county level. Thus, including individual fixed effects with
unemployment estimates that have some level of measurement error further exacerbates the attenuation
bias.? To this end, I choose to omit individual fixed effects from my main specification. However, I later run
my regression with individual fixed effects as a robustness check.

Though excluding individual fixed effects decreases the attenuation bias, it also leaves room for potential
omitted variables bias due to time invariant differences across workers such as innate ability or intelligence
that may influence income, occupation, or BMI. To reduce this potential endogeneity, I control for each
individuals age-adjusted ASVAB math and verbal scores. The ASVAB is an aptitude test developed by the
US Department of Defense that measures an individual’s ability. The test is administered nationwide at
over 14,000 schools annually. To compute these scores, the NLSY separates each individual into 3-month
age groups and implements sampling weights to adjust each individuals score according to his or her age
bracket.

Additionally, it may be the case that those who are obese are more likely to select certain occupations
which tend to fluctuate relatively more or less with the business cycle in comparison to careers that non-obese
workers may choose. If this were the case, then in the absence of occupation fixed effects, labor market gaps
would widen when the unemployment rate increases due to career choice (and not potential discrimination
against the obese). Including occupation fixed effects in my estimation mitigates this potential selection
bias.

I de-mean the unemployment rate to a mean of zero for both data sets. By setting the mean to zero, I can

4On this, Deafon (I995) says, in the standard case where measurement error induces attenuation bias, the
attenuation will be worse using the difference or within estimator. The combination of loss of precision and
increased attenuation bias often erases in the difference or within estimates effects that were significant in
the cross-section, even when the model is correctly specified and there is no heterogeneity bias.

12



now interpret [y as the effect of obesity on income or employment for an individual in a given county-year
with the average level of unemployment. My coefficient of interest is 53, the interaction between the dummy
variable for obesity and the unemployment rate. A negative 3 would indicate that a one percentage point
increase in the unemployment rate would lead to a larger decrease in income or weeks of employment for
an obese worker relative to a non-obese worker. This would imply a counter-cyclical effect in which the
labor outcome gap between obese and healthy weight workers widens with a percentage point increase in
the unemployment rate. On the other hand, a positive 83 would indicate that obese workers face smaller
income or employment penalties than healthy weight workers during recessions. The total differential for

obese workers relative to non-obese workers would thus be given by §1 + 3 % Ug.

1.3.2 NLSY Results

In Table 32, I first estimate my baseline specification without occupation fixed effects. Column 1 shows the
relationship between the unemployment rate and income is negative, confirming that higher unemployment
is associated with lower income for all workers. However, obese workers see an additional 1.1% decrease in
income relative to healthy weight workers for every percentage point increase in the unemployment rate.
When including occupation fixed effects in column 2, this result remains robust; obese workers face a 1%
decrease in income relative to those who are non-obese. This suggests that there is no selection bias for
obese workers towards occupations with greater sensitivity to business cycle changes.

To put these findings into perspective, the US unemployment rate increased by about five percentage
points over the Great recession. Using my coefficients from column 2, an increase of this magnitude would
lead to a 9% decrease in income for all workers, with an additional 5% decrease for obese workers. The mean
income of this sample is nearly $24,000. If the unemployment rate increased by 5 percentage points, all
workers who earn an income equal to the sample mean would see a decrease of just under $2,160. However,
obese workers would see an additional loss of over $1,200. These findings indicate that increases in the
unemployment rate lead to a counter-cyclical effect in which the income gap between obese and healthy
weight workers increases over economic downturns.

It is also important to note the positive, statistically significant coefficient on the obesity dummy variable
in my results for the total sample in the first two columns of Table IZ2. The positive effect of obesity on
income is driven by black males. The positive coefficient of the obesity dummy on weeks of employment
is driven by white and black males. This finding is consistent with some of the previous research in the
literature that has found heavier men do better in the labor market. For example, Cawley (2004) finds
a positive correlation between weight and education for black males. Moreover, Cawley (2004) also finds

overweight white men saw higher wages than white men who were healthy weight.
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Table 1.2: Coefficients for Total Sample: Log of Income and Weeks Employed (NLSY)

Total Sample Male Female
(1) (2) 3) (4) (5) (6)

Panel A: Log of Income
Obese * Unemployment Rate -0.011**  -0.010**  -0.015** -0.010 -0.014*  -0.018**

(0.005) (0.005) (0.007) (0.006) (0.007) (0.007)
Obese 0.027** 0.030** 0.033** 0.029* 0.010 0.014

(0.013) (0.012) (0.017) (0.017) (0.019) (0.019)
Unemployment Rate -0.024***  -0.018"**  -0.028"** -0.022*** -0.013 -0.009

(0.006) (0.006) (0.008) (0.008) (0.009) (0.009)
R? 0.376 0.435 0.406 0.467 0.386 0.442
Person-Years 45330 43288 23716 22338 21460 20738
Panel B: Weeks Employed
Obese * Unemployment Rate  -0.135** -0.081 -0.213**  -0.195** -0.173* -0.043

(0.061) (0.056) (0.088) (0.081) (0.091) (0.079)
Obese -0.088 0.279** 0.487* 0.715***  -0.864***  -0.217

(0.156) (0.138) (0.226) (0.194) (0.236) (0.213)
Unemployment Rate -0.644***  -0.317***  -0.875***  -0.422***  -0.356***  -0.164*

(0.080) (0.073) (0.109) (0.100) (0.110) (0.099)
R? 0.187 0.179 0.225 0.212 0.227 0.204
Person-Years 64629 56941 32005 28555 32469 28187
Controls X X X X X X
County FE X X X X X X
Year FE X X X X X X
Occupation FE X X X

* p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parenthesis) are clustered by county-year. Controls include age
and its square, female, race, highest degree obtained, number of children, marital status, urban residence and ASVAB test

scores. Observations are at the person-year level.

Since the bulk of the previous literature has suggested that the labor market gap between obese and non-
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obese workers is predominantly driven by females (Averetf and Korenmanu, 1996; Bhattacharya and Bundorf,
2009; Caliendo and Led, PO13; Mason, 2012; Pagan and Davila, 1997), I estimate my baseline specification
separately by gender. In column 3, obese males incomes fall by 1.5% relative to non-obese men. However,
I find in column 4 that this result is not robust to occupation fixed effects. This implies that obese men
tend to select careers in which income fluctuates relatively more with the business cycle than careers healthy
weight men choose. As for females, column 5 shows a percentage point increase in the unemployment rate
increases the obesity income gap for women by 1.4%. Including occupation fixed effects in column 6, obese
females see an even greater income penalty of 1.8% relative to their non-obese peers. These results confirm
findings from the previous literature which suggests that unlike their male counterparts, obese females are

more likely to be penalized in the labor market (Averetf and Korenmann, 1996; Bhattacharya and Bundorf],



2009; Caliendo_and Led, 2013; Mason, 2012; Pagan and Davila, 1997).

In Panel B I find obese workers do not see statistically significant decreases in weeks employed relative to
healthy weight workers when controlling for occupation fixed effects in column 2. When estimating my model
separately by gender, I find that obese males see a 0.213 week decrease in the number of weeks employed
relative to their non-obese peers. This result is robust to occupation fixed effects in column 4. Results for
females in column 5 show a 0.173 decrease in weeks worked relative to healthy weight females. However,
this result is not robust to occupation fixed effects, suggesting that obese females are potentially choosing
careers in which weeks of employment tend to fluctuate relatively more with the business cycle than careers
chosen by non-obese females.

I estimate my baseline specification by race in Table 3. My findings for the total sample are in Panel
A. In comparison to their healthy weight counterparts, white workers see a 1.2% decrease in income and
a 0.159 decrease in the number of weeks worked relative to non-obese white workers. Moreover, I find
workers who are other race (that is, those who do not identify as white or black) see a 0.322 decrease in
weeks employed relative to their healthier counterparts, but no significant effects for income. There are no
statistically significant effects for black workers. I estimate my model by race for males and females in panels
B and C respectively. When looking at income, white and black obese men do not see any statistically
significant effects. Obese males who are other race see a 3% decrease in income relative to their healthy
weight counterparts. Columns 4-6 reveal counter-cyclical employment gaps for obese men are driven by
white and other race workers. For females, panel C shows that the counter-cyclical obesity income gap is
driven by white women. Obese white females see a 2.4% decrease in income relative to their non-obese peers.
This finding is in line with Cawley (2004) as he finds that weight lowers wages specifically for white females.
I find no statistically significant results when using weeks of employment as my dependent variable for all

females regardless of race.
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Table 1.3: Coefficients by Race: Log of Income and Weeks Employed (NLSY)

Log of Income Weeks Employed

White Black Other White Black Other
(1) (2) (3) (4) (5) (6)

Panel A: Total Sample
Obese * Unemployment Rate  -0.012** -0.007 -0.015 -0.159** 0.088 -0.322*
(0.005) (0.012) (0.012) (0.074) (0.104) (0.167)

Obese 0.018  0.072"*  -0.037 0290  0.643**  -0.665
(0.015)  (0.028)  (0.041)  (0.184)  (0.282)  (0.479)

Unemployment Rate 0.026%*  -0.019  -0.021  -0.208"* -0.674*"*  -0.248
(0.007)  (0.017)  (0.016)  (0.088)  (0.162)  (0.200)

R? 0.474 0.422 0.500 0.183 0.231 0.251

Person-Years 27602 9784 5640 34536 14488 7665

Panel B: Male

Obese * Unemployment Rate -0.009 -0.010 -0.030*  -0.321*** 0.016 -0.515**
(0.007) (0.016) (0.018) (0.101) (0.168) (0.242)

Obese 0.025  0.157"* -0.156**  0.549%*  2.253**  _1.741**
(0.020)  (0.046)  (0.056)  (0.255)  (0.464)  (0.675)

Unemployment Rate -0.023***  -0.013 -0.050**  -0.285**  -0.797*** 0.134
(0.009) (0.025) (0.021) (0.120) (0.242) (0.293)

R? 0.511 0.465 0.573 0.232 0.303 0.311

Person-Years 13139 3983 2575 16616 6177 3567

Panel C: Female

Obese * Unemployment Rate  -0.024** -0.008 -0.017 -0.063 0.074 -0.285

(0.009)  (0.015)  (0.016)  (0.108)  (0.152)  (0.229)

Obese 0.002  0.019 0.052 0.014  -1.109"**  0.146
(0.025)  (0.042)  (0.066)  (0.281)  (0.406)  (0.707)

Unemployment Rate -0.028*** 0.005 0.026 -0.111 -0.394* -0.320
(0.010) (0.022) (0.024) (0.122) (0.226) (0.270)

R? 0.476 0.478 0.525 0.222 0.270 0.300

Person-Years 12726 5157 2651 16484 7733 3755

* p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parenthesis) are clustered by county-year. Controls include age
and its square, female, race, highest degree obtained, number of children, marital status, urban residence and ASVAB test
scores. All estimations control for county, year and occupation fixed effects. Observations are at the person-year level.
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1.3.3 BRFSS Empirical Methodology

Using data from the BRFSS, I construct my model as follows:

Yist = Bo + 8104t + BoUst + B30 ¥ Ugy + v Xjor + Vs + Tt + €56t

where ist denotes an individual i in state s at time ¢. Time in this model is the month and year of the
interview date. The dependent variable, Y;s; denotes the log of the individual’s estimated annual income or
a dummy variable for employment equal to 1 if the individual is employed at the time of the interview. The
variable O;; is a dummy for obesity equal to 1 if the individual is obese and 0 otherwise. The variable Ug;
is the de-meaned unemployment rate in percentage points for the month and year of the interview date in
individual is state of residence. The term X, is a vector of control variables. The terms v, and 7; are state
and month-year fixed effects and €;4 is the error term. Standard errors are clustered at the state-month

level.

1.3.4 BRFSS Results

Table I shows that counter-cyclical obesity income gaps exist for both males and females. In column 1, the
obesity income gap widens by 0.2% for the total sample. In columns 2 and 3, the added income differential
of obese to non-obese workers over economic downturns is 0.1% for men and women. Columns 4-6 reveal the
obesity employment gap also displays a counter-cyclical pattern. For the total sample, obese workers face a
0.2 percentage point decrease in employment in comparison to those who are not obese. By gender, obese
males and females face a 0.1 and 0.3 percentage point decrease in employment relative to healthy weight

workers respectively.

Table 1.4: Coefficients for Total Sample: Log of Income and Employment (BRFSS)

Log of Income Employment
Total Sample Males Females  Total Sample Males Females
(1) (2) 3) (4) () (6)
Obese*Unemployment Rate -0.002*** -0.001**  -0.001*** -0.002*** -0.001**  -0.003***
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)
Obese -0.073*** -0.020"**  -0.103*** -0.007** -0.005***  -0.008***
(0.001) (0.001) (0.001) (0.000) (0.001) (0.000)
Unemployment Rate -0.013*** -0.013***  -0.013*** -0.009*** -0.011***  -0.008***
(0.001) (0.001) (0.001) (0.000) (0.000) (0.000)
R? 0.349 0.301 0.381 0.066 0.076 0.062
Person-Months 3703617 1561003 2142614 2911857 1325287 1586570
State FE X X X X X X
Month FE X X X X X X

* p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parenthesis) are clustered by state-month. Controls include age
and it square, female, race, number of children, education and marital status. All estimations include state and month-year
fixed effects. Observations are at the person-month level.

In Table 3, columns 1-3 display results for income by race. Black workers are the only racial group
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that do not see any statistically significant income penalties. In column 1, obese white workers see a 0.1%
decrease in income while obese other race workers see a 0.4% decrease in income relative to their non-obese
counterparts. When estimating separately by gender in panels B and C, there are no statistically significant
effects for white or black workers. Obese men who are other race see a 0.8% decrease in income relative to
their healthier counterparts.

In columns 4-6, I estimate my baseline specification with employment as the dependent variable. Counter-
cyclical obesity employment gaps are again concentrated amongst white and other race workers. Across all
panels, the interaction term for white and other race workers is negative and statistically significant. In Panel
B, obese black men see a positive, statistically significant coefficient on the interaction term. This indicates
that over economic downturns, obese black men experience a smaller decrease in employment relative to

non-obese black men.
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Table 1.5: Coefficients by Race: Log of Income and Employment (BRFSS)

Log of Income Employment

White Black Other White Black Other
(1) (2) (3) (4) (5) (6)

Panel A: Total Sample
Obese*Unemployment Rate -0.001*** -0.001 -0.004***  -0.002*** 0.001 -0.003***
(0.000) (0.001) (0.001) (0.000) (0.001) (0.001)

Obese 0.078%*  -0.042°**  -0.063*** -0.007***  -0.002*  -0.009***
(0.001)  (0.002)  (0.003)  (0.000)  (0.001)  (0.002)

Unemployment Rate -0.012***  -0.009***  -0.017*** -0.009*** -0.011*** -0.004***
(0.001) (0.002) (0.002) (0.000) (0.001) (0.001)

R? 0.328 0.319 0.320 0.055 0.097 0.084

Person-Months 3048292 359250 296075 2406703 271731 233423

Panel B: Males
Obese*Unemployment Rate -0.001 0.000 -0.008***  -0.001***  0.003***  -0.002**
(0.001) (0.002) (0.002) (0.000) (0.001) (0.001)

Obese -0.028**  0.028***  -0.008*  -0.007***  0.006***  -0.005"*
(0.001)  (0.004)  (0.004)  (0.001)  (0.002)  (0.002)

Unemployment Rate -0.012***  -0.008*** -0.017*** -0.010"** -0.013*** -0.005***
(0.001) (0.003) (0.003) (0.000) (0.002) (0.001)

R? 0.282 0.281 0.286 0.065 0.118 0.099

Person-Months 1300029 125470 135504 1110486 98608 116193

Panel C: Females

Obese*Unemployment Rate -0.001 -0.001 -0.001 -0.003*** -0.001 -0.004***

(0.000)  (0.001)  (0.002)  (0.000)  (0.001)  (0.001)

Obese 01075 -0.074**  -0.102***  -0.009***  -0.006***  -0.013***
(0.001)  (0.003)  (0.004)  (0.000)  (0.001)  (0.002)

Unemployment Rate -0.012*** -0.011*** -0.017*** -0.008*** -0.010*** -0.003***
(0.001) (0.002) (0.002) (0.000) (0.001) (0.001)

R? 0.362 0.335 0.345 0.051 0.087 0.077

Person-Months 1748263 233780 160571 1296217 173123 117230

*p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parenthesis) are clustered by state-month.
Controls include age and it square, female, race, number of children, education and marital status. All
estimations include state and month fixed effects. Observations are at the person-month level.

19



1.4 Robustness Checks

A key difference in findings between the NLSY and the BRFSS is the magnitude of the interaction term with
the log of income as the dependent variable. The coefficient on the interaction term from the NLSY model
is about five times as large as the coefficient from the BRFSS. One possible explanation for this discrepancy
is the differing age groups in each data set. While the BRFSS sample spans across all working aged adults,
the NLSY only includes adults ages 18 to 36. Therefore, the counter-cyclical income gap may only exist
for younger obese workers. To test this theory, I run my baseline specification using the BRFSS by 5-year
age groups. Figure [ displays these findings. As predicted, younger, obese workers face the largest income
penalties. The obesity income gap for 18-24 year old workers increases by 1.2%, similar to results from the

NLSY. As age increases, statistical significance weakens and the magnitude of the effects becomes smaller.

Figure 1.1: Differential Effects by Age
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The y-axis represents the coefficient for the effect of the interaction between obesity and the unemployment
rate on the log of income. The x-axis represents the mean age within a 5-year age group. Standard errors are
clustered by state-month. Controls include age and it square, female, race, number of children, education
and marital status. All estimations include state and month fixed effects.

I categorized obese individuals in this study based on the CDC’s definition for obesity (BMI > 30).
However, given that the cutoff for obesity is quite arbitrary, I estimate my model defining obesity with

differing levels of BMI. Specifically, I create dummy variables for those who have a BMI greater than or
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equal to various levels ranging from 26 through 40 in 2-unit increments. My coefficient of interest is thus the
interaction between the dummy variable (based on differing levels of BMI) and the unemployment rate. In
Figure B, T plot the coefficient of interest from each of my regressions. In all of my estimations, the income
gap for obese workers is still counter-cyclical. The income differential for those on the higher end of the BMI
spectrum is slightly larger. I repeat this process using data from the BRFSS in Figure B=. My findings
from the BRFSS are similar to that of the NLSY. The income differential increases as BMI levels increase.
This could imply that those who are more severely obese are subject to greater labor discrimination.

It is possible that larger income losses for obese workers over recessions are not due to employer discrim-
ination, but are instead a reflection of productivity gaps between obese and non-obese workers. In other
words, it may be the case that the decrease in income and employment amongst obese workers is due to lower
levels of productivity relative to their healthy weight peers. If these cyclical labor outcome gaps are actually
due to productivity differences, then we should see the same counter-cyclical income and employment effects
amongst obese workers who are self-employed and thus not subject to employer discrimination.

To test this theory, I run my baseline specifications with the NLSY and BRFSS data sets using the log of
income as the dependent variable and exclude the samples to self-employed workers. The findings across the
NLSY and BRFSS are mixed. In table BT, columns 1-3 show in the NLSY sample there are no statistically
significant coeflicients on the interaction term for the total sample, males and females. This suggests that
over economic downturns, self-employed workers who are obese do not see any differences in income relative
to those who are not obese.

Though the results are excluded to a smaller sample size, it is likely that these findings cannot be
attributed to a lack of statistical power. If the coefficient of interest was insignificant due to lower statistical
power, the results would typically still be negative with much smaller magnitudes. However, columns 1 and
3 show a positive coefficient on the interaction term when estimating for the total sample. These findings
are inconsistent with and contradicts my results using the sample of workers who are not self-employed.

I again run my baseline regression restricting the sample to self-employed workers using data from the
BRFSS in columns 4-6. My findings from the BRFSS show that obese workers who are self-employed see
a 0.2% decrease in income relative to healthy weight self-employed workers for the total sample, significant
at the 0.1 level. This could indicate that the counter-cyclical income gap between obese and healthy weight
workers is due to a lack of productivity and not employer discrimination. The magnitude of the coefficient
is also similar to results for workers who are not self-employed. In columns 5 and 6, results from the BRFSS
show no statistically significant counter-cyclical effects for males and females.

While Table BT displays weak evidence of a lack of productivity driving the counter-cyclical income
gap phenomenon in the BRFSS sample, findings from the NLSY suggest that effects are more likely driven
by employer discrimination. Taken together, I conclude that employer discrimination is playing at least a
partial role in counter-cyclical income effects for the obese, especially in the NLSY sample.

Although the NLSY is an individual level panel, I chose to omit individual fixed effects from my baseline
estimation due to attenuation bias caused by measurement error in the county level unemployment rates
(Deafon, 1995). Since the BLS estimates unemployment using a time series model based off of a survey of
roughly 140,000 businesses and government agencies, it is likely that there is some level of measurement error,
especially at smaller geographic levels. However, including individual fixed effects may increase the robustness
of my estimates in that it controls for unobserved individual level traits (that is, unobserved ability) that

may impact labor outcomes. To this end, I estimate my baseline specification with individual fixed effects
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using county, state and region level unemployment rates. Table A=A displays my results. In column 1, I find
no statistically significant results when using county level unemployment rates in my regression. However,
column 2 shows a percentage point increase in the state level unemployment rate leads to a 1% decrease
in income for obese workers relative to non-obese workers, significant at the 0.05 level. When using region
level unemployment rates in column 3, obese workers face an additional 1.4% decrease in income, significant
at the 0.01 level. There are no statistically significant effects when looking at weeks of employment as the

dependent variable.

1.5 Conclusion

The previous literature has shown that discrimination against obese workers leads to a reduction in wages,
employment, and other labor outcomes (Banm and Ford, 2004; Caliendo_and Leé, 2013; Cawley,, 2004; Deb
Bf_all, P01, Pagan and Davila, 1997). These findings are primarily concentrated amongst females (Averef
and Korenmannl, [996; Bhattacharya and Bundori, 2009; Caliendoand Ted, R2013; Mason, 201T7;
Daxvila, 1997). Though there has been evidence of a direct impact of obesity on labor outcomes (Cawley,

po0d; Morrid, 2007), none have analyzed the effect of economic downturns on labor market gaps between

obese and non-obese workers. This paper contributes new findings to the obesity literature by exploiting
the business cycle to estimate the causal impact of obesity on labor outcomes. I find that during economic
downturns, the income and employment gaps between obese and healthy weight workers increase, producing
a counter-cyclical effect.

Using the NLSY, I find that over economic downturns obese workers see greater income losses than healthy
weight workers. These findings are robust to occupation fixed effects suggesting that changes in income
differentials are not due to obese workers selecting certain career paths with greater sensitivity to economic
downturns. Findings from the NLSY also suggest that counter-cyclical income gaps are predominantly driven
by obese females. Looking at the number of weeks of employment as the dependent variable, results from
the NLSY show the obesity employment gap widens over economic downturns specifically for males.

Like the NLSY, my results from the BRFSS show that the obesity income gap displays a counter-cyclical
pattern for the total sample. When estimating by gender the BRFSS shows both obese men and women
see decreases in income relative to their healthy weight peers. My findings from the BRFSS also indicate
that obese workers see decreases in employment relative to their non-obese peers over economic downturns,
regardless of gender.

While previous studies have proved that obesity can further jeopardize your health (Calle_and Thumn,
p004; Hossain efall, 2007), this paper contributes to a body of literature that finds obesity also negatively
impacts various labor market outcomes. I conclude that worse labor market outcomes for the obese are at
least partially driven by employer discrimination. As the obesity rate in the US continues to increase, it is
not only imperative to combat the obesity epidemic to decrease negative health impacts, but to also close

the labor market gap between obese and healthy weight workers.
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Chapter 2

VOG: Using Volcanic Eruptions to
Estimate the Impact of Air Pollution

on Student Learning Outcomes

2.1 Introduction

Researchers and policymakers have increasingly sought to understand the consequences of poor air quality.
An abundance of evidence suggests pollution can have severe adverse effects on health, fertility, and mortality
outcomes.” A smaller yet growing set of studies has identified labor productivity losses, where pollution harms
workers across both physically demanding (e.g. fruit picking (Graff Zivin and Neidell, 2017) and pear-packing
(Chang, Graff Zivin, Gross, and Neidell, P016)) and mentally demanding (e.g. baseball umpiring (Archsmith]

Heyes, and Saberian, 2018)) occupations.?

In this study, we investigate how air quality affects student performance on standardized tests. Despite

evidence of air pollution sharply reducing cognitive performance (Zhang, Chen, and Zhang, 2018), there

are surprisingly few empirical investigations into how pollution affects student exam scores. Work from

Ebenstein, Lavy, and Roth (2016) uses Israeli data from 2000 to 2002 to find drops in high school exit

exam test scores and worsened longer run outcomes in response to poor air quality. Marcoftd (2007) found

decreased performance among kindergartners on testing days with worse pollen and fine airborne particulate

matter. Heissel, Persico, and Simon (P020) identify the effects of traffic pollution on student test scores and

ISeveral studies have found a positive association between pollution and fertility abnormalities (Nieuwenhuijsen, Basaganal
Dadvand, Martinez, Cirach, Beelen, and Jacquemin, 2014; Perin, Maluf, Czeresnia, Januario, and Saldiva, 2OI0;
Bottagisi, solansky, Lepeule, Giorgis-Allemand, and Srand, 2013). See [Carré, Gatimel, Moreau, Parinaud. and Leandry (2017)
for a review of the literature. Burnett, Smith-Doiron. Stieb, Cakmak. and BrooK (1999) and Koken, Piver, Ye. Elixhauser]
(zo03) find increases in air pollution leads to an increase in cardiorespiratory hospitilizations.
Guizar, Amador, Garcia, Miranda. Perez. and Chapeld (2010) find children who attend schools closer to major air pollution
sources were more likely to develop respiratory and lung abnormalities. [Di,_Wang, Zanobetti, Wang, Koutrakis, Choirat]
Jominici, and schwartZ (2017) finds increases in pollution (even at levels below the national standard) were associated with
an increase in mortality for US Medicare beneficiaries, especially amongst racial minority groups.
20ther studies examining labor productivity loss include He, Liu, and Salvd (Z0T9) (textile industry workers),
Graff Zivin. Gross, and Neidel] (2009) (call center workers), and [Lichter, Pestel. and Sommey (2017) (professional soccer
players).
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other shorter run outcomes.?

The context of our study is the Hawaiian islands. This is a particularly advantageous setting for several
reasons. A primary advantage comes from Hawai‘i’s rich, plausibly exogenous variation in air quality. Despite
its reputation for a moderate climate, Hawai‘i can claim 10 of the world’s 14 classifications for climate zones
- the only place in the world with such diversity in one small area.®

Hawai‘i provides a unique and powerful opportunity to estimate the effects of two pollutants, particulate
matter (PMs 5 and PMig) and sulfur dioxide (SO2), on cognitive performance. We do so using SO emissions
from Kilauea volcano which is loctaed on the island of Hawai’i. These gaseous emissions eventually form
particulate matter in the form of sulfate aerosols. This pollution is called vog and is similar to smog pollution
in many cities. Because this species of particulates is high in sulfuric acid, they resemble particulates
from sources that produce sulfate aerosols such as coal-fired power plants. Importantly, 8% of the world’s
population faces potential risks from volcanic eruptions and so, our estimates will have a direct bearing on
these other settings (Choumert-Nkolo, Lamour, and Phélinas, PO2T).

The emission of SO, from the Kilauea volcano represents a rare case of truly unpredictable variation
in air pollution in the US. Based on local wind conditions and whether the volcano is emitting, the air
quality of Hawai‘i can shift from hazardous to pristine in a matter of hours across differing parts of the
islands. Previous research has leveraged this variation to find increased emergency room admissions due to
respiratory reasons in response to pollution (Halliday, Lynham, and de Paula, 2019).%

The mix of pollutants between particulates and SOs in a given location depends on proximity to the
volcano. This provides important variation across the Hawaiian islands as well as within islands. Near
Kilauea, vog primarily consists of SOy gas. However, over time SO, oxidizes forming sulphate aerosols
(particulates). Consequently, vog that is further away from Kilauea consists of PMs 5 and PMo, whereas
vog that is close to the volcano consists of both particulates and SOs. As a result, residents of the island
of Hawai’i, which is home to Kilauea, are exposed to both particulates and SO, whereas residents of the
island of Oahu, home to roughly two-thirds of the islands’ population, are exposed to particulate pollution,
but very little SO pollution (see Figure 6 of Halliday et al] (2009)). This variation can be used to shed light
on the relative impacts of particulates vis-a-vis SOs. Disentangling pollutants’ impacts from one another is
often difficult as most pollution sources emit many pollutants at once.

An additional advantage of our setting is that baseline pollution levels are far below Environmental Pro-
tection Agency (EPA) ambient air quality standards. Identifying and understanding the effects of pollution
at lower baseline levels is important not only to inform and potentially update EPA standards, but they also
better reflect modal households in the US. The average population-weighted concentration of particulate
matter (PMa5) pollution in the US in 2019 was 7.65 micrograms per cubic meter (ug/m?).® The average
PMs 5 level on Hawai'i island during our sample was 7.57 ug/m?, whereas the prior literature has focused

entirely on shocks within higher-baseline polluted environments. For example, in Ebenstein et all (2016) the

30utside student performance outcomes, related studies from Currie, Hanushek, Kahn, Neidell, and Rivkin (2009), Citiand
Salud (R2OIR), and Chen, Guo. and Huang (POIR) find increased student absences in response to poor air quality.

4Source: Hawaii Magazine, https://www. Hawai‘imagazine.com/content/Hawai‘i-has-10-worlds-14-climate-zones-explorers-
guide-each-them, (accessed 16 Sep. 2020)

SHalliday et al] (Z019) articulate the numerous advantages of using variation in vog to study the impact of pollution. For
example, vog is emitted naturally, whereas the majority of the literature relies on variation in human activity (e.g. from cars,
airplanes, factories) which may plausibly suffer from endogeneity biases. Another advantage comes from temporal variation:
vog can vary on a day-to-day basis, whereas most other types of pollutants are highly serially correlated.

6Source: US Environmental Protection Agency, https://www.epa.gov/air-trends/particulate-matter-pm25-trends, (accessed 25
Apr. 2021)
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average level of PM, 5 on student test days was 21.05 ug/m?®.

We pair this variation in particulates with data on the census of public student test scores in the state
of Hawai‘i. These data were obtained from the Hawai‘i P-20 Partnerships for Education (Hawai‘i P-20)
initiative, a partnership between the University of Hawai‘i, the Executive Office of Early Learning, and
the State of Hawai‘i Department of Education. The longitudinal data track students from elementary
to middle and high-school from 2015 through 2018. Math and English literacy assessments are given in
grades three through eight, and again in grade eleven. In total, the data include over 350,000 student-test
observations. These data allow us to estimate day-of measures of air quality on student performance across
varying ages, assessment types, and air quality conditions. The panel nature of the data allow us to control
for all unobserved student-level characteristics (e.g. innate ability) by including student fixed effects in the
estimations.

For the full sample of student test scores, we estimate a small but statistically significant impact on
student test scores. A one standard deviation increase in PMs 5 reduces test scores by about one percent of
a standard deviation. The estimates remain relatively stable across models with and without student fixed
effects. We then find that the effects are significantly tied to particulate levels at baseline. For example,
the harmful effects for students at schools with a baseline PMy 5 level above 9 ug/m?® are nearly five times
the magnitude as for schools below 9 ug/m?® at baseline. This suggests that the damages from pollutants
increase exponentially, yet are still present in relatively lower baseline environments.

Lastly, and perhaps most importantly, we also find that the effects are particularly concentrated among
economically disadvantaged students. Disadvantaged students experience nearly four times a drop in their
test scores compared to their more advantaged counterparts. Interestingly, we find little difference in the
effects of particulates across schools by the fraction of the school’s students who were disadvantaged, sug-
gesting that the economically disadvantaged student gap is not driven by differences in school resources
(e.g. classroom air conditioning). Instead, disadvantaged students within the same school are significantly
more harmed by pollution than their more advantaged counterparts. This result has obvious implications
for environmental justice or our understanding of how environmental laws, regulations, and policies may

disproportionately harm people from lower income and/or minority groups.

2.2 Data and Background

2.2.1 Student Learning Outcome Measurements

We measure student learning outcomes using data from the Hawai‘i P-20 Partnerships for Education (Hawai‘i
P-20). The Hawai‘i P-20 manages student level data collected through the Data eXchange Partnership
(DXP), a collaboration between five of Hawai‘i’s state agencies (Department of Health, Department of
Labor and Industrial Relations, Department of Education, Department of Human Services, and University
of Hawai‘i). The data from the DXP consists of all students in Hawai‘i’s public school system spanning
elementary through secondary education. The data includes education performance measures as well as
demographic characteristics of the student. Test score data come from the Smarter Balanced Assessment
(SBA). The SBA is an annual assessment of college and career readiness that includes modules on math and

English literacy. It has been administered to students in grades three through eight and grade eleven since
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2015.% We standardize test scores to a mean of zero and a standard deviation of one at the grade-module-year
level.

Though the SBA is mandatory for all public school students, test dates are unique at the student level.
Each school year, the DOE provides a one to three month testing window within which schools are required
to administer the modules. Each school is then individually responsible for determining the exact date that
students take their assessments. Importantly, schools determine their exam dates at the beginning of the
school year, well before the school can forecast potential weather conditions or vog levels on the exam date.
Schools typically have students within the same grade take the same module on the same date. The two
modules (math and reading) are always taken on separate dates. In some circumstances, school faculty
are authorized to have some students take the exams earlier or later than their peers. Since students with

cognitive disabilities are subject to alternative assessments, we drop them from our sample.

2.2.2 Air Quality Measurements

We employ data on particulates (PMss and PMig) and sulfur dioxide (SO3) obtained from from the
State of Hawai‘i Department of Health (DOH). Particulates are measured in micrograms per cubic meter
(ug/m?). Respectively, PMy 5 and PM;jo measure particulates that are 2.5 and 10 micrometers in diameter
or smaller. SO, is measured in parts per billion (ppb). The DOH reports measures of each pollutant at
hourly frequencies. For our analysis, we aggregate the pollutant measures from each DOH monitoring station
to 24-hour averages and merge these data with the Hawai‘i P-20 data using the date that students took their
assessments.

For each school-date, we calculate a measure of pollution exposure using a weighted nearest neighbor
estimator. First, we compute the distance between each students school and each pollutant monitoring
station. We then calculate a weight for each monitoring station based on inverse distance as follows:

dist distym < 20

. dist;,)
wdzstsm = {n:distsn <20}

0 distsm > 20

where distg,, is the distance from school s to station m in miles. To ensure accurate measurements of
localized pollution exposure, we do not employ measurements from monitors over 20 miles from the school

in question. Next, we compute a measurement of pollution exposure for school s at time ¢ using

S wdistsm * Pmt

EXPOSURE, = ™ S wdist (2.1)

where p,,,¢ is the pollution measure from monitoring station m at time t.

"Prior to 2015, the DOE administered the Hawai‘i State Reading and Math Assessment (HSA) to measure student performance.
The HSA was administered to students in grades three through eight and ten. Though our data includes test scores from the
HSA, we do not have data on test dates, and thus we strictly focus on utilizing data from the SBA.
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2.2.3 Summary Statistics

Table 2211 displays our summary statistics from the P-20 student data. At the student-year level, the mean
month of the math and reading exam is just over four, indicating that students tend to take both of their
assessments in April. About half of student-years in the public school system come from economically
disadvantaged families and around six percent received English language services. Table ZI also reveals
Hawai‘i’s ethnically diverse population. Nearly a quarter of students identify as Native Hawaiian and another
quarter identify as Filipino. Another 16% of students identify as non-Filipino Asian, 9% as Pacific Islander,
18% as White, and 8% identify as another ethnicity. The data include 153,473 unique individuals enrolled

across 282 schools.

2.2.4 Prediction Error in Pollutant Measurements

An important feature of the data is that we use adjacent monitoring stations to make predictions about
pollution exposure at schools. We conduct a simple exercise (in the spirit of cross-validation) to gain a sense
of the accuracy of the nearest neighbor estimates in Section ZZ272. For each monitoring station, we construct
the exposure estimate in equation () while leaving out the monitoring station in question. We then take
the deviation of the actual pollution measurement and its prediction. We calculate the mean and standard
error of the prediction error. We also calculate the correlation between the predicted exposure and the actual
pollution measurement. If the prediction were completely accurate, these correlations would be unity. The
results of this exercise are reported in Table B3.

Based on this exercise, it appears as if the predictions of particulate levels are reasonably accurate. For
example, we see in Table B=3 that the average mean of the prediction errors for PMs 5 are close to zero with
8 out of 14 stations prediction error means of less than one unit. Across all stations, the mean difference
between true and predicted measure of PMs 5 is about 0.23 with a standard deviation of 4.28 and a mean
of -0.14 with a standard deviation of 7.01 for PMg.

Prima facie, we find that there is more prediction error for SO5 levels. The prediction error mean is -9.3
and its standard deviation is 11.7. The correlation between predicted and actual SO, levels is much lower
than it is for particulates at 0.176. By this measure, the nearest neighbor predictions for PMs 5 are three
times as accurate as they are for SO,.

However, it is important to bear in mind that the distribution of SO, monitoring stations in our data is
far more sparse than it is for PMs 5. For example, our data only include two SO5 monitoring stations on
the island of Oahu (Honolulu and Kapolei), whereas there are five on the island of Hawaii. Importantly, the
monitoring stations of Kona, Mountain View, Ocean View, and Pahala are all located near Kilauea and all

four stations have predictions that exhibit correlations with the true measure in excess of 0.40.
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Table 2.1: Summary Statistics (Hawai‘i P-20 Student Measures)

Mean Std. Dev.

Panel A: Student-Year Level Statistics

Month of Math Exam 4.43 0.69
Month of Reading Exam 4.12 0.66
Economically Disadvantaged 0.49 0.50
Received English Language Services 0.06 0.24
Panel B: Student Level Statistics

Female 0.50 0.50
Asian (Non-Filipino) 0.16 0.37
Filipino 0.24 0.43
Native Hawaiian 0.24 0.43
Pacific Islander 0.09 0.29
White 0.18 0.39
Other Ethnicity 0.08 0.27
Unique Individuals 153,448

Schools 282

Years 2015 - 2018

Notes: This data comes from the Hawai‘i P-20 Partnerships for Education.

We present our summary statistics for our pollutants in Table Z2. Overall, PM, 5 averages are relatively
similar across the islands of Oahu, Maui, and Kauai. Hawai‘i island sees slightly higher levels of PMs 5 in
certain areas due to Kilauea’s volcanic activity. The Pahala monitoring station is located less than 20 miles
south of the Kilauea volcano. Because of the Pahala monitoring station’s close proximity to the volcano,
average levels of SO> in Pahala are about four times the state average. For the full sample, the average
PDMs 5 is 5.10 ug/m® (with a standard deviation of 2.80) and the average SOs is 2.78 ppb (with a standard
deviation of 4.39).
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Table 2.2: Summary Statistics (Pollutant Measures)

PM; 5 PMyy SO,
Station Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
Hawaii Island
Hilo 7.85 5.19 3.65 7.41
Honaunau 2.81 0.86
Kailua Kona 2.76 0.79
Keaau 2.98 1.00 1.36 0.52
Kona 11.24 5.52 3.67 3.32
Mountain View 3.68 3.23 1.81 2.67
Ocean View 12.63 4.78 17.37 16.25
Pahala 4.77 2.59 27.9 22.02
Oahu
Honolulu 3.70 2.44 13.39 4.31 0.38 0.48
Kapolei 4.94 2.03 14.97 4.07 0.14 0.32
Pearl City 4.09 2.05 21.22 6.94
Sand Island 4.95 1.93
Maus
Kahului 3.22 1.78
Kihei 4.37 3.6
Kauai
Niumalu 3.33 2.67 0.73 0.62

Notes: This data comes from the State of Hawai‘i Department of
Health. Pollutant measures are daily averages of hourly data.

2.3 Empirical Methodology

To identify the impact of pollution on student cognitive functioning, we estimate a linear regression via
OLS of student standardized test scores onto pollution exposure while adjusting for school fixed effects,

seasonality, and student demographic characteristics. Specifically, we estimate the model:
Yrigset =a+ ﬂPst + 'VXige + o5+ Hm + ay + Vigset (22)

where Yjgse; is the standardized test score of student ¢ enrolled in grade g at school s taking exam e (math
or English) on day ¢. Our main variable of interest, 165,5, is the prediction of exposure to PMs 5, PMiq,
or SO at school s on day t discussed above. We multiply all pollutant measures by 100 in order to make
the estimates more readable by providing more significant figures. The vector X;4. contains time-varying
student characteristics such as indicators for economic disadvantage status and recipiency of English language

services, time-invariant student characteristics such as indicators for gender and race, and an indicator for
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the student’s grade and the type of exam.® As a robustness check, we test the sensitivity of our results
to replacing time-invariant student characteristics with student fixed effects. We also include school fixed
effects, denoted by o, in order to control for variation at the school level. The terms, p,, and 6,, are month
and academic year fixed effects respectively and v;gse; is the error term. Standard errors are clustered by
school. Identification of 8 in equation (2=2) comes from plausibly exogenous variation in 135,5 within schools.®

In Figures BT, B2, and B33, we display kernel densities of the demeaned exposure variables. In each
figure, one density displays variation in the raw variable and the other displays variation after sweeping
out school fixed effects. All three figures indicate that there is almost as much within school variation in

pollution as there is overall.

2.4 Results

2.4.1 Balance Test

Though the Hawai‘i context likely provides exogenous variation for the identification of the effects of pollu-
tants on learning outcomes, we can still test for whether there are observable differences in student character-
istics correlated with pollutant exposures. Our identification strategy would be invalid if, for example, lower
ability students happened to take their exam on higher pollution days. In Appendix Table B, we regress
each of our three pollution measures on the full vector of student and exam characteristics. Overall, we find
no evidence of correlations between observable characteristics and pollutant levels. For instance, math test
dates seem to experience lower levels of PM; 5 while also experiencing higher levels SOs. Student ethnicity,
gender, economic disadvantage, and English language service recipiency are all unassociated with all three
pollutants. The only possible pattern that emerges comes from SOy, where exams for older grades tend
to be on cleaner air days; these correlations are not particularly concerning given our exam measurement
is standardized across grade-years, and given our models will control for grade fixed effects. All told, we
suspect that the small number of significant estimates in the table are the consequence of Type I error. We
also test the joint significance of the covariates in all three models and we fail to reject the null hypothesis
that all the coefficients are jointly equal to zero. Thus, we conclude that the variation in pollutants has no
systematic relationships with observable confounders, and the detected statistical significance likely arises

from Type I error.

2.4.2 Baseline Results

We report our first set of OLS estimations in Table 2Z3. Column (1) presents our results for the effect of
PMs, 5 levels on student test scores, as estimated in equation (272). We precisely estimate (at the 1% level)
a drop in student standardized test scores on days with higher PMs 5 levels. Though precisely estimated,

this average effect is fairly small; a one unit increase in PMs 5 leads to a 0.3 percent of a standard deviation

8Controlling for the economic status of each students’ family is particularly important in this specification because the DOE
grants geographic exceptions (GE) to students who wish to enroll in a school outside of their district of residence under several
qualifying circumstances (e.g. parents are faculty at the receiving school, a program is offered at the receiving school but not
at the student’s district school, etc). Because of the GE, students who reside in areas with relatively lower average household
incomes may attend schools in districts that have higher average household incomes and thus better education programs.

9As an additional robustness check, we replace all time-invariant student controls with student fixed effects, which account for
all unobserved time-invariant differences across students (e.g. innate ability). Our preferred model avoids student fixed effects
since the time frame of our study is limited to several years (2015 to 2018).
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drop in student test scores (recall that our pollutant measures are scaled up by a factor of 100). With a
full sample standard deviation of about 3 pg/m3, a one standard deviation increase in PMs 5 corresponds
with a one percent drop in student test scores, on average. In column (2), we replace student-invariant
controls with student fixed effects and find that our primary finding remains robust and significant. Moving
to columns (3) and (4), we estimate no significant relationship between PMjy and student test scores. The
relatively larger effects of PMs 5 are consistent with with previous work showing that smaller particulates
are more harmful than larger particulates (Halliday et all, 2019).

In the final two columns, we estimate a similar impact of SO5 on test scores, though with less precision.
We find that a one unit increase in SO4 corresponds to a roughly a 1.5 percent standard deviation decrease
in student test scores at the 10% level. Importantly, there is a large amount of prediction error in SO,
exposure measures. While this type of error is Berkson in nature and, therefore, does not lead to attenuation
bias in our estimates, it does contribute to the residual, thereby, increasing the standard errors on these

estimates (Szpiro. Sheppard. and Lumleyi, 2011).

Table 2.3: Effect of Pollution on Math and Reading Scores, OLS Estimates

(1) (2) (3) (4) (5) (6)
PM, 5 0.297**  -0.229*
(0.111)  (0.120)

P Mo -0.045 -0.063
(0.086)  (0.087)

S0, 0.191*  -0.151*
(0.097)  (0.082)
R? 0253  0.847 0271 0840 0.263  0.848
Number of Schools 260 260 230 230 176 176
Individual FE X X X

Notes: Standard errors are clustered by school. Control variables include female,
economically disadvantaged families, non-native English speaking, math exam,
grade level and ethnicity. All estimations control for school, month and academic
year fixed effects. * p < 0.10, ** p < 0.05, *** p < 0.01

2.4.3 Impacts by Baseline Pollutant Levels

A key advantage to the Hawai‘i context comes from its rich variation in baseline pollutant levels across
schools (due to where schools are located on each island and their proximity to the Kilauea volcano). This
allows us to test for possible nonlinear effects in how pollutants affect student performance, particularly
across schools with lower baseline levels. In Figure P11 we report coefficients across different samples by
school, where each subsample progressively focuses on schools with higher baseline PM; 5 levels.™ We find
that as we focus on schools with higher baseline levels, the negative effects of pollutants sharply increase. For
instance, for schools with a baseline PMjy 5 level above 9 ug/m?, a one unit increase in pollutants reduces

student exam performance by nearly 0.8 percent of a standard deviation, which is nearly 3 times the effect

10Baseline PMa 5 levels are calculated by taking the average PMa 5 level across the full sample of days for each school.
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for the total sample (0.3 percent of a standard deviation). This suggests that the marginal damage induced

by pollutants on exam performance is increasing in pollution level.

Figure 2.1: Differential Effects by Baseline PMs 5 Levels
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Notes: The y-axis represents the coefficient for the effect of the pollutant, PM2.5 on student z-scores by the mean level of
exposure to PMa 5 within each school. The x-axis represents the threshold at which each school’s mean exposure is less than
a given level of PMas 5. Standard errors are clustered by school. Control variables include female, economically disadvantaged
families, non-native English speaking, math exam, grade level and ethnicity. All estimations control for school, month and
academic year fixed effects.

2.4.4 Heterogeneity by Economic Disadvantage Status

We next test whether pollutants have a differential effect across students by their socioeconomic status. To
do so, we consider two separate approaches. First, in Table 24 we estimate equation (Z22) while including
an interaction term between the pollutant level and an indicator for student economic disadvantage status.
In column (1), we observe drastically different effects by economic status: the harmful effects from PMs 5
for disadvantaged students are approximately 4 times the magnitude of the effects for their more advantaged

counterparts. Effects for PMjy and SO5 are not statistically significant.
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Table 2.4: Effect of Pollution on Exam Scores for Economically Disadvantaged Students

(1) (2) (3)

Economically Disadvantaged * PMs 5 —0.408**
(0.191)
PM, 5 —-0.070
(0.156)
Economically Disadvantaged * P Mg —-0.018
(0.095)
PM, -0.037
(0.101)
Economically Disadvantaged * SOq -0.172
(0.180)
SO9 -0.072
(0.154)
Economically Disadvantaged —28.249%** —28.0927%** —30.084***
(1.182) (1.890) (1.042)
R? 0.253 0.271 0.263
Number of Schools 260 176 230

Notes: Standard errors are clustered by school. Control variables include female,
economically disadvantaged families, non-native English speaking, math exam,
grade level and ethnicity. All estimations control for school, month and academic
year fixed effects. * p < 0.10, ** p < 0.05, *** p < 0.01

These differential effects could be driven by several possible channels, including a possible correlation
between where disadvantaged students enroll and school characteristics, such as where the school is located
and its baseline pollution level, or the school’s potential resources to combat the harmful effects of pollutants
(e.g. air conditioning). To test for this possibility, in Figure 22 we estimate equation (22) while focusing
on subsamples of schools by the fraction of the school’s students who were economically disadvantaged.
Interestingly, we find little difference in how pollutants harm student learning by the school’s fraction of
economically disadvantaged students. This suggests that the observed disparity by student disadvantage
status arises from differences across students within each school, and not due to differences across schools. In
other words, disadvantaged students do not appear to be especially harmed by pollutants due to their school’s
location or school resources - instead, disadvantaged students experience sharper drops in performance
compared to their more advantaged classmates in response to pollutants.

All told, this result indicates that economically disadvantaged pupils are at greater risk of experiencing
adverse cognitive impacts from pollution. This finding is consistent with work showing that children from
poorer households are also at risk of experiencing a wide range of health problems (Case, Lubotsky, and

Paxson, 2007).
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Figure 2.2: Differential Effects by % of Economically Disadvantaged Students Within Each School
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Notes: The y-axis represents the coefficient for the effect of the pollutant, PM2.5 on student z-scores by the percentage of
students who are economically disadvantaged within each school. The x-axis represents the threshold at which each school has
less than a given percentage of economically disadvantaged students. Standard errors are clustered by school. Control variables
include female, economically disadvantaged families, non-native English speaking, math exam, grade level and ethnicity. All
estimations control for school, month and academic year fixed effects.

2.5 Conclusion

Using variation in air quality in the Hawaiian islands due to volcanic activity, we estimate the impacts of
particulates PMs 5, PMig, and SO- on student performance. Because of the state’s normally pristine air
quality conditions, variation in pollutants are primarily determined by volcanic activity from Kilauea volcano
on the island of Hawai‘i and by wind direction. We rely on this random variation in air pollution and find
that worsening air quality decreases student exam scores. Specifically, we find that a standard deviation
increase in PMs 5 decreases test scores by about 1% on average.

Interestingly, we find that schools with higher baseline pollution levels on average tend to see even worse
effects of air quality on student performance. Since schools on the island of Hawai‘i are closer to the volcano,
negative effects of pollution on exam scores are particularly larger in these schools. Specifically, schools
with baseline particulate levels of 9 pg/m? or higher see over four times the effects of schools with baseline
pollution levels lower than 9 pg/m?3.

The negative impacts of pollution on student performance are even higher for students who are econom-
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ically disadvantaged. These students experience four times the effects of pollution on exam scores relative
to their more advantaged peers. To see if these effects are driven by schools characteristics, we estimate
our specification by the percentage of disadvantaged students within each school. We find no significant
differences by school. Instead, it seems as though negative impact of pollution on exam scores are driven by
student level differences within each school. This is in line with previous literature which shows that poorer
children are subject to worse health outcomes (Case_ef all, 2002).

Our study shows pollution decreases student performance and highlights evidence of further damage to
exam scores for students who are economically disadvantaged. The findings from our study have obvious
implications for environmental justice as those who come from less financially stable backgrounds may see
further obstacles to economic mobility due to air quality. More research should be done to look at the
differential effects of air quality on economic outcomes for the poor. Furthermore, while our predictions of
pollutants in schools did show statistically significant effects on students performance, we would like to refine
our measures of pollution and employ a kriging™ procedure that will increase the accuracy of school level

pollution.

11See the section B in the appendix for more details.
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Chapter 3

Does Personality Impact Labor
Market Outcomes During Economic

Downturns?

3.1 Introduction

A plethora of pop culture quizzes claim to be able to choose your optimal career path and give you a glimpse
of what your future holds based on your personality. While these quizzes may be strictly for entertainment,
previous studies have shown that personality traits do in fact influence various career outcomes. In typical
wage models, earnings are determined by human capital, which consists of a set of skills that contribute
to a workers level of production. However, we still know little about the extent to which various skills
determine labor market outcomes. While observable characteristics (such as education, work experience,
age, gender, etc.) play an important role in influencing earnings, there is still a large amount of variation
between individuals of similar observable traits. This gap in economic outcomes must then at least be
partially explained by unobservable characteristics (i.e., personality).

In this study, we seek to fill the gap in the literature by looking at the impact of the Big Five® personality
traits (extroversion, agreeableness, openness, emotional instability, and conscientiousness), on labor market
outcomes over the business cycle using data from the National Longitudinal Survey of Youth ’97 cohort
(NLSY). Specifically, we exploit the variation caused by business cycle fluctuations to assess the impact
of personality traits on income, employment, and unemployment insurance take up amongst young adults
over economic downturns. While several studies in the psychology literature have looked at the relationship
between personality traits and various labor market outcomes, personality traits are not as commonly used in
studies by economists. Furthermore, the impacts of various traits on work outcomes are still up for debate.
Because the literature uses a variety of personality measures in their studies, not all personality findings
are directly comparable. Furthermore, even studies which specifically focus on the Big Five personality
traits find slightly differing findings from one another because of the differences in the data used (Caliendo!

Mahlstedt, and Mitnik, 2014), definitions of personality traits, and the cultural context (Borghans, Ter Weel!

'See Digman (T990) and Goldberg (I993) to learn more about the Big Five personality traits
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and Weinberg, 200R).

In economics, most of the personality literature is based off of work by Bowles, Gintis, and Osborné
(o), where they find that noncognitive traits (i.e., attitudes, work ethic, etc.) affect both earnings
and the generational transmission of economic status. Several studies both in the US and abroad found
different effects of personality on labor market outcomes across gender. [Heineck and Anger (2010), using
the BHPS for UK individuals, found that there is a positive relationship between openness and wages, and a
negative relationship between agreeableness and wages for both genders. The negative relationship between
neuroticism (emotional instability) and wages were specifically driven by women. Similarly, Mueller and Plug
(eooB) found a negative association between agreeableness and earnings for men and a positive association
for openness. Women appear to get a wage premium for openness and conscientiousness. [Duckworfh and
Weill (2010), using the HRS, focus on conscientiousness and its interaction with other traits, but also find
that it has an overall positive effect on lifetime earnings and retirement savings, although the influence is
different for males and females within a couple. Nabeshima and Seay| (2014) also use the HRS and find that
extroversion and conscientiousness are positively associated with net worth, while agreeableness is negatively
associated with wealth accumulation.

A potential barrier to using personality traits in an empirical model is endogeneity that may invalidate
the causal effect of traits on labor market outcomes. For example, if personality traits tend to fluctuate
over time, it could be the case that labor market outcomes influence an individual’s personality. However, if
traits are given and stable over time, we can ignore this potential confounding issue and assume that traits
are independent of labor market outcomes in our model. Cobb-Clark and Schurer (2012) finds that while the
Big Five traits are not literally fixed, they are stable for working-aged adults over a four year period. When
specifically looking at economic outcomes, they find that having at least five adverse employment or income
related events decrease emotional stability by a minimal amount. Ranfanen, Metsapelto, Feldt, Pulkkinen]
and Kokkd (2007) also find that the Big Five are not fixed, but relatively stable for working-age adults
between ages 33 and 42. Using panel data and structural equation modeling, they examine the stability
across gender and find that traits remain stable for both sexes.

For our empirical analysis, we use data from the National Longitudinal Survey of Youth 1997 Cohort
(NLSY). The NLSY is a longitudinal panel data set that began interviewing about 9,000 youths ages 12
through 17 in the year 1997 and now conducts the survey biennially. Data included in the survey spans
across various demographic traits, health outcomes, career variables and more. The survey also includes
questions pertaining to various personality traits. We specifically focus on working aged adults from the
survey waves 2000-2011, 2013, and 2015. Thus, our sample consists of those ages 18 through 36 years old.

We find that those with higher levels of emotional instability tend to see larger unemployment insurance
take up and fewer weeks of employment during recessions relative to those who are more emotionally stable.
Negative effects of emotional instability on labor market outcomes during economic downturns are primarily
driven by females. This finding is in line with Heineck and Anger (2010). Additionally, the effects do not
seem to be driven by employer discrimination. Instead, higher levels of emotional instability may cause

workers to be less productive during downturns.
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3.2 Data

3.2.1 National Longitudinal Survey of Youth

The National Longitudinal Survey of Youth (NLSY) 1997 cohort is an individual panel survey, conducted
since 1997, that consists of 9,000 American youths. Individuals in the survey were born between the years
1980 and 1984. The survey has been administered 18 times thus far. For this study, we use survey data from
the years 2000-2011, 2013 and 2015. We drop youths who are younger than 18 years old to focus specifically
on working aged adults. Thus, our sample consists of adults ages 18 through 36 years old. Our outcome
variables include the log of an individual’s total income in wages, salary, commissions or tips in the past
year, the number of weeks an individual was an employee on a roster in a year, and a dummy variable equal
to 1 if an individual collected unemployment insurance for at least one month in a year. In order to keep
discouraged workers in our data, we keep individuals who reported a total annual income of zero dollars.

Thus, we add a dollar to each individual’s total income before taking the log.

3.2.2 Bureau of Labor Statistics

We use the monthly regional unemployment rate as our indicator for the business cycle. The Bureau of
Labor Statistics (BLS) reports unemployment statistics for various geographies across the US monthly. The
unemployment rate is estimated using data collected from the Current Employment Statistics, a monthly
survey which contains approximately 140,000 businesses and government agencies drawn from 9 million

unemployment insurance tax accounts.

3.2.3 Summary Statistics

We display summary statistics of our data in Table Bl. The personality traits that we observe are based off
of the Big Five personality traits. Each trait is constructed by various statements related to one of the Big
Five traits. We explain more about the construction of the Big Five in section BE232. For each of the Big
Five traits, the sample ranges from 1 to 7 where a 7 indicates that the trait strongly applies to an individual.
Overall, our sample identifies most with extroversion and conscientiousness given their sample means of 4.66
and 4.53 respectively. Our sample identifies least with emotional instability with a sample mean of 3.04.
Our data consists of young adults ages 18 through 36. The mean age is just under 25 years old. Thus,
our study focuses on the young working adult population. Annual income (total wages, salary, tips, and
commissions) is about $24,000 in nominal terms. The relatively low mean income reflects a younger group
of individuals who are likely early career starters. Moreover, the mean number of weeks employed in a year
is just under 38 weeks and approximately 5% of the sample collected unemployment insurance for at least
one month in a year. Since pregnant women may be subject to differential labor market conditions (Budig
and England, 2001), we eliminate them from our sample. We also eliminate those who are active members

of the armed forces, resulting in 8,699 unique individuals in our data.
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Table 3.1: Summary Statistics

Mean Std. Dev.

Personality Traits

Extroverted 4.66 1.35
Agreeable 4.40 1.66
Open 4.28 0.97
Emotionally Unstable 3.04 1.33
Conscientious 4.53 0.65
Other

Female 0.49 0.50
Age 24.84 4.35
Annual Income 24,080.71  23,216.45
Weeks Employed 37.58 19.25
Received Unemployment Insurance 0.05 0.22
Unemployment Rate 6.34 1.85
Attended College 0.21 0.41
White 0.57 0.49
Black 0.28 0.45
Other Race 0.15 0.36
Number of Children 1.46 1.09
Married 0.23 0.42
Urban Residence 0.81 0.40
ASVAB Test Score 45,490.42  29,436.85

Data is from the NLSY 1997 Cohort from survey years 2000-2011, 2013 and 2015.
Personality traits are self-reported on a scale of 1 through 7 where 7 indicates the
trait strongly applies to the individual. Annual income is reported in US dollars.
ASVAB Test Scores are age-adjusted math and verbal test scores. N represents the
number of individuals in the sample.

3.3 Methodology

Using data from the NLSY, we analyze the effect of personality traits over business cycle downturns on

income, weeks of employment, and unemployment insurance collection.

3.3.1 Empirical Methodology

Our main specification is as follows:

Yire = Bo + B1Trait; + BoU Ry + B3Trait; x URppy + ¥Xirt + 5]' + Vr + Tt + o + €irt

where Y;,.; is the dependent variable for individual ¢ residing in region r in year ¢. The outcome variables
we analyze in this study are the log of annual income, number of weeks employed in a year, and a dummy
variable equal to 1 if the individual received unemployment insurance for at least one month in a year.

The variable, Trait; is one of the Big Five personality traits standardized. The variable, UR; ¢, is the
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de-meaned unemployment rate reported in percentage points for region r in interview month m of year ¢.
The term X+ is the vector of controls including gender, age and its square, race, highest level of education,
marital status, an urban residence indicator, student enrollment status, number of biological children, and
age-adjusted ASVAB test scores. The terms, 9, v., 7, and u,, are occupation, region, interview year, and
interview month fixed effects respectively. Standard errors are clustered at the region-year level.

It is important to note that due to data limitations, we only have one time period of observations for
our dependent variable Trait;. Thus, for our identification strategy we must rely on the assumption that
personality traits are time invariant. We discuss more on this in section BZ5l. Because personality is time
invariant in our sample, we do not use individual fixed effects in our baseline specification. However, we
include each individual’s age-adjusted Armed Services Vocational Aptitude Battery (ASVAB)? test scores
in our vector of covariates, X;,+ which allows us to control for unobserved ability and intelligence that may

impact labor market outcomes and would otherwise have been controlled for using individual fixed effects.

3.3.2 Constructing the Big Five Personality Traits

We construct measures of personality based on the Big Five personality traits. To replicate the Big Five in
our sample, we first categorize all relevant personality trait variables into groups that correspond to each
of the traditional Big Five traits. We display these groupings in Table . The NLSY survey consists of
several statements in regards to the respondent’s personality. Respondents are asked to rate each statement
on a scale from 1 to 7 where a higher value indicates that statement strongly applies to the individual and
vice versa. Scales for statements that relate to the opposite of each personality group are inverted so that
a 1 indicates that the statement strongly applies to the individual and a 7 indicates that the trait does not
apply to the individual.

While most survey questions pertaining to personality traits are conducted once over the entire sample
period, survey questions that correspond to hard working and a rule following attributes conducted in two
survey waves (2008 and 2010). For these traits, we first construct one time-invariant variable for each trait
by taking the average values from the 2008 and 2010 survey waves. We then take the average of all survey
questions pertaining to an individual’s hard working attributes to construct one single measure. We do the
same for survey questions which correspond to rule following attributes. Like all other trait variables, we
invert the scale for survey responses that pertain to the opposite of each trait.

After grouping each statement into one of the Big Five traits and implementing necessary inversions, we
take the average of all trait(s) within their respective groupings. We display histograms of the constructed

Big Five traits in Figure C.

3.4 Results

We first report the correlation between each personality trait with our outcome variables in Table B2.
Extroversion has a strong positive correlation with better labor market outcomes across all three dependent
variables. Those who are more agreeable tend to see lower income. This finding is in line with Heineck and

Anger (2010) and Mueller and Plug (2006). On the other hand, conscientiousness has a positive relationship

2The ASVAB test is an aptitude test developed and maintained by the Department of Defense that is conducted at over 14,000
schools nationwide. The NLSY adjusts ASVAB scores by 3-month age brackets.
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with income. Emotional instability is associated with lower income and fewer weeks of employment in a

year. Moreover, openness is negatively correlated with collecting unemployment insurance.

Table 3.2: The Correlation Between the Big 5 Personality Traits and Labor Market Outcomes

(1) (2) (3)

Log of Income Weeks Employed Unemployment
Insurance
Extroverted 0.047%** 0.365%** —-0.002*
(0.006) (0.073) (0.001)
Agreeable ~0.017%** -0.020 0.001
(0.006) (0.069) (0.001)
Open 0.014 0.127 —0.003**
(0.010) (0.104) (0.001)
Emotionally Unstable ~0.019** —0.595%** 0.002
(0.008) (0.085) (0.001)
Conscientious 0.028* —-0.008 —-0.002
(0.015) (0.159) (0.002)

*p < 0.1, ¥ p < 0.05, ¥** p < 0.01 Standard errors (in parenthesis) are clustered by
state-month. Data is from the National Longitudinal Survey of Youth 1997 Cohort
from the years 2000-2011, 2013 and 2015. Controls include the regional monthly
unemployment rate in percentage points, gender, race, age and its square, level of
education, marital status, number of children, urban residence dummy and ASVAB
test scores. All estimations include month-year, region and occupation fixed effects.

We report our results from our main specification in Table BZ3. Column 1 shows no statistically significant
relationship between personality traits and income over economic fluctuations. In column 3, those who
are more extroverted see relatively smaller increases in unemployment insurance collection over economic
downturns. On the other hand, those who are relatively more emotionally unstable experience worse labor
market outcomes during economic downturns. In column 2, a standard deviation increase in emotional
instability leads to a 0.1 unit decrease in weeks of employment employment and 0.2 percentage point increase
in unemployment insurance take up for every percentage point increase in the unemployment rate. There are
no statistically significant effects of openness, agreeableness, or conscientiousness on labor market outcomes
over the business cycle.

From Table B33 we conclude that higher levels of emotional instability increase labor market penalties
during recessions in comparison to those who are more emotionally stable. Additionally, those who are
more extroverted see smaller increases in unemployment insurance take up than those less extroverted. To
put these findings into perspective, we use the Great Recession as an example to identify the effects of
emotional stability and extroversion on labor market outcomes. During the Great Recession, the national
unemployment rate increased by about 5 percentage points. Using our coefficients from Table BZ3, an increase
of this magnitude would decrease employment for the average worker by about 2.4 weeks. Additionally,
workers would see another 0.5 week decrease in their weeks of employment for every standard deviation

increase in emotional instability. Unemployment insurance take up would also increase by 1.5 percentage
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points for the average worker, with an additional 0.2 percentage point increase for every standard deviation
increase in emotional instability. On the other hand, unemployment insurance take up would decrease by
0.2 percentage points for every standard deviation increase in extroversion.

We can see this example play out in Figure Bl. Prior to the 2008 recession, there was already a gap
in weeks of employment between those whose self reported level of emotional instability were above and
below the sample mean. Weeks of employment for those with more emotional stability were about three
weeks greater than for those who were less emotionally stable. After the recession, this differential more
than doubled as those who reported higher levels of emotional stability saw an average of nearly 42 weeks of
employment while those less emotionally stable saw an average of 36 weeks. To this end, our results imply that
emotional instability increases volatility in employment over economic downturns, with recessions leading to

larger employment losses for those with higher levels of emotional instability.
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Table 3.3: The Effects of the Big 5 Personality Traits on Labor Market Outcomes Over the Business Cycle

(1) (2) (3)
Log of Income Weeks Employed Unemployment
Insurance
Eztroversion
Extroverted 0.062%** 0.495%** -0.003
(0.009) (0.095) (0.002)
Unemployment Rate (UR) —0.005 —0.453** 0.015%**
(0.019) (0.176) (0.005)
Extroverted * UR 0.002 -0.013 -0.002*
(0.004) (0.065) (0.001)
Agreeableness
Agreeable ~0.028** -0.055 0.001
(0.011) (0.110) (0.002)
Unemployment Rate (UR) -0.004 —0.488*** 0.014%**
(0.018) (0.179) (0.005)
Agreeable * UR —-0.002 0.084 —-0.000
(0.005) (0.059) (0.001)
Openness
Open 0.012 0.111 —0.003**
(0.010) (0.103) (0.001)
Unemployment Rate (UR) -0.009 —0.525%** 0.015%**
(0.018) (0.179) (0.005)
Open * UR 0.004 0.047 0.000
(0.006) (0.034) (0.001)
Emotional Instability
Emotionally Unstable ~0.024** ~0.766%** 0.002
(0.010) (0.113) (0.002)
Unemployment Rate (UR) -0.006 —0.479%*** 0.015%**
(0.018) (0.172) (0.004)
Emotionally Unstable * UR -0.002 ~0.100%* 0.002**
(0.005) (0.047) (0.001)
Conscientiousness
Conscientious 0.011 -0.029 —-0.002
(0.009) (0.105) (0.002)
Unemployment Rate (UR) 0.007 ~0.507H** 0.014%+*
(0.020) (0.167) (0.005)
Conscientious * UR —-0.001 0.043 0.001
(0.004) (0.040) (0.001)

*p < 0.1, ** p < 0.05, ¥** p < 0.01 Standard errors (in parenthesis) are clustered
by region-year. Coeflicients of interest are reported for brevity. Data is from the
National Longitudinal Survey of Youth 1997 Cohort from the years 2000-2011, 2013
and 2015. Controls include gender, race, age and its square, level of education, mar-
ital status, number of children, urban residence dummy, student enrollment status,
and ASVAB test scores. All estimations include year, region, and occupation fixed
effects. Each personality trait is regressed onto the dependent variables individually.
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In Table B2 we estimate our baseline specification by gender. Interestingly, we find that males who
are relatively more agreeable see an increase in unemployment insurance take up in comparison to those
who are less agreeable. However, similar to Heineck and Anger (2000), we find there are no statistically
significant effects associated with emotional instability for men. Instead, the effects of emotional stability
on labor market outcomes over recessions are driven by females. Women who are a standard deviation more
emotionally unstable experience an additional 0.2 week decrease in employment and 0.2 percentage point

increase in unemployment insurance take up.

Table 3.4: The Effects of the Big 5 Personality Traits on Labor Market Outcomes Over the Business Cycle
by Gender

(1) (2) (3)

Log of Income Weeks Employed Unemployment
Insurance
Panel A: Males
Extroverted * UR 0.003 -0.024 —-0.001
(0.006) (0.069) (0.001)
Agreeable * UR 0.001 0.096 0.002**
(0.007) (0.073) (0.001)
Open * UR 0.007 -0.018 0.001
(0.007) (0.043) (0.001)
Emotionally Unstable * UR -0.003 -0.024 0.002
(0.006) (0.068) (0.002)
Conscientious * UR -0.007 0.034 -0.000
(0.006) (0.055) (0.001)
Panel B: Females
Extroverted * UR —-0.003 —-0.058 —-0.002
(0.006) (0.103) (0.002)
Agreeable * UR -0.005 0.084 -0.002
(0.007) (0.083) (0.001)
Open * UR 0.001 0.086 0.000
(0.006) (0.067) (0.001)
Emotionally Unstable * UR —-0.007 —0.208%** 0.002%*
(0.005) (0.065) (0.001)
Conscientious * UR 0.002 0.053 0.002*
(0.005) (0.060) (0.001)

*p < 0.1, ¥ p < 0.05, ¥** p < 0.01 Standard errors (in parenthesis) are clustered by
state-month. Data is from the National Longitudinal Survey of Youth 1997 Cohort
from the years 2000-2011, 2013 and 2015. Controls include gender, race, age and its
square, level of education, marital status, number of children, student enrollment
status, urban residence dummy and ASVAB test scores. The unemployment rate is
the regional monthly rate in percentage points. All estimations include month-year,
region and occupation fixed effects. Each personality trait is regressed onto the
dependent variables individually.

It may be the case that during recessions, when employers have more bargaining power they choose

to layoff individuals based on their own tastes and preferences. If for example certain personality traits
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tend to make workers less likable, employers may choose to lay off those who they favor the least. Thus,
it is possible that those who are more emotionally unstable see relatively worse labor market outcomes in
recessions due to likability factors. On the other hand, it could also be the case that emotionally unstable
workers are simply less productive during recessions, causing them to see fewer weeks of employment and
increased unemployment insurance take up. If this were the case, self employed workers should see at least
the same level of negative impacts on employment and unemployment insurance take up as their non self
employed counterparts.

To parse out these effects, we estimate our baseline specification by self employment status. Those who
are employees are subject to judgement on their work based on both employer tastes and their productivity.
On the contrary, self employed workers labor outcomes are determined by their own performance and not
employer decisions. Thus, we can assume that self employed workers outcomes are more likely due to their
level of productivity. We report our findings based on self employment status in Table B3. We first find
that statistically significant impacts of extroversion and emotional instability on unemployment insurance
take up are concentrated amongst the non self employed workers. It is reasonable to assume that this
finding is sensible since non self employed workers tend to have more unemployment benefits. Interestingly,
effects of emotional instability on weeks of employment is predominantly driven by the self employed group.
Specifically, a standard deviation increase in emotional instability decreases weeks of employment by nearly
0.3 weeks with every percentage point increase in the unemployment rate. From this finding, it is reasonable
to conclude that the effects of emotional instability on weeks of employment is more likely a result of lacking
productivity instead of employer tastes. Aside from emotional instability, self employed workers who are
more agreeable see larger decreases in their income while those more open to new experiences see smaller

decreases in income.
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Table 3.5: The Effects of the Big Five Personality Traits on Labor Market Outcomes Over the Business
Cycle for Self Employed Workers

(1) (2) 3)
Log of Income Weeks Employed Unemployment
Insurance
Panel A: Not Self Employed
Extroverted * UR 0.004 -0.017 —0.002**
(0.004) (0.073) (0.001)
Agreeable * UR 0.006 0.101 -0.000
(0.005) (0.067) (0.001)
Open * UR -0.001 0.030 0.000
(0.005) (0.044) (0.001)
Emotionally Unstable * UR -0.001 -0.080 0.002**
(0.005) (0.051) (0.001)
Conscientious * UR —0.002 0.067 0.001
(0.004) (0.042) (0.001)
Panel B: Self Employed
Extroverted * UR -0.014 0.021 —0.002
(0.025) (0.097) (0.002)
Agreeable * UR —0.062** 0.048 -0.001
(0.024) (0.120) (0.002)
Open * UR 0.048* 0.151 -0.000
(0.027) (0.124) (0.002)
Emotionally Unstable * UR 0.011 —0.292%** -0.001
(0.021) (0.108) (0.002)
Conscientious * UR -0.020 -0.035 —-0.002
(0.024) (0.145) (0.002)

*p < 0.1, ¥ p < 0.05, ¥* p < 0.01 Standard errors (in parenthesis) are clustered by
state-month. Data is from the National Longitudinal Survey of Youth 1997 Cohort
from the years 2000-2011, 2013 and 2015. Controls include gender, race, age and its
square, level of education, marital status, number of children, student enrollment
status, urban residence dummy and ASVAB test scores. The unemployment rate is
the regional monthly rate in percentage points. All estimations include month-year,
region and occupation fixed effects. Each personality trait is regressed onto the
dependent variables individually.
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3.5 Robustness Checks

3.5.1 The Stability of the Big Five Personality Traits

Due to data limitations we are unable to observe personality traits over time. Thus, we have to rely on the
assumption that personality is time invariant for our identification strategy. Cohb-Clark and Schurer (20012)
looks at the stability of the Big Five over time and concludes that personality traits are stable over time
for working-aged adults. They analyze the impact of adverse economic shocks on the Big Five personality
traits. Specifically, they look at the effect of having at least five individual level adverse employment or
income related events between 2006 and 2009 on personality changes. Overall, they find that their results
are minimal. The largest effect of employment changes on personality occurs amongst men’s emotional sta-
bility. Specifically, having at least five adverse employment and/or income related events decrease emotional
stability for men by just 0.28 standard deviations. Using data from our sample, that translates to 0.37 units
on a scale of 1 to 7. Other statistically significant effects on other personality traits amongst men and women
are smaller and/or not statistically significant. They conclude that while personality traits are not literally
fixed, they are stable. Therefore, we can hold the assumption that labor market outcomes does not drive
personality traits.

To verify that traits are stable in our sample, we look at data on traits that exist for two time periods. In
the 2008 and 2010 survey waves, survey respondents answered questions that pertain to hard working and
rule following traits. It is important to note that the trough of the Great Recession took place between the
two survey waves. We first look at the mean difference in these traits between the two survey waves. We
display our findings in the appendix in Table L. Since personality traits are ranked on a scale of 1 through
7, the minimum and maximum of the difference between self-reported traits in 2008 and 2010 are -6 and 6
respectively. In Figure T2 we plot the mean difference in traits between the 2008 and 2010 survey waves.
The majority of the sample has no change in self reported trait ranking. The largest mean difference occurs
for support of rules and traditions with a mean of -0.14. In 2 we look at the kernel density of the mean
difference across all traits listed in C2. The distribution shows the majority of the sample saw no changes

in personality traits between 2008 and 2010.

3.6 Conclusion

While observable characteristics such as race, gender, education, etc. are strong predictors of earnings and
other labor outcomes, there is still a large amount of variation between individuals who possess similar
observable traits. Thus, a portion of the variation between individuals must be explained by unobservable
characteristics (i.e., personality). Though there have been numerous studies in the psychology literature that
looks at the impacts of personality traits on various work outcomes, there are far fewer studies in economics
that incorporate personality traits into their empirical models. Furthermore, because economists have used
various measures of personality in their studies, not all results are comparable. Using data from the NLSY,
our study sought to fill the gap in the literature to look at the impact of the Big Five personality traits on
income, employment, and unemployment insurance take up over recessions.

For the total sample, we found workers who are more extroverted experience smaller levels of unemploy-

ment insurance take up compared to those who are less extroverted. On the other hand, workers with higher
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self reported levels of emotional instability suffer greater employment losses and increased unemployment
insurance take up during economic downturns compared to their more emotionally stable peers. Similar to
findings from Heineck and Anger (2010), we find that the effects of emotional instability on labor market
during economic downturns are predominantly driven by females.

Furthermore, our results indicate that the widening gap in labor market outcomes by level of emotional
instability is likely a result of lacking productivity since self employed workers who are less emotionally stable
face greater employment losses than their more stable peers. Employers may benefit from understanding the

needs of these workers better to help them reach their maximum productivity potential.
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Appendix A

Chapter One Appendix

Table A.1: Coefficients for Self-Employed Workers: Log of Income

NLSY BRFSS
Total Sample  Males Females Total Sample Males Females
(1) (2) 3) (4) () (6)

Obese*Unemployment Rate 0.001 0.014 -0.015 -0.002* -0.001 -0.002
(0.028) (0.038)  (0.052) (0.001) (0.001) (0.001)
Obese -0.150* -0.058  -0.244* -0.039*** 0.001 -0.086***
(0.086) (0.117)  (0.148) (0.002) (0.003) (0.003)
Unemployment Rate -0.048 -0.084 -0.056 -0.015%** -0.016***  -0.014***
(0.036) (0.052)  (0.064) (0.001) (0.002) (0.002)

R? 0.340 0.364 0.443 0.258 0.223 0.313
N 4181 2328 1698 313923 176994 136929

*p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parenthe-
sis) by county-year for the NLSY and by state-month for the BRFSS.
Controls for the NLSY include age and its square, female, race, highest
degree obtained, number of children, marital status, urban residence
and ASVAB test scores. Estimations for the NLSY include county and
year fixed effects. Controls for the BRFSS include age and it square,
female, race, number of children, education and marital status. Es-
timations for the BRFSS include state and month-year fixed effects.
Observations are at the person-year level in the NLSY sample and
person-month observations in the BRFSS sample.
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Table A.2: Coeflicients Using Individual Fixed Effects with Different Geographic Levels of Unemployment

(NLSY)

Log of Income

Weeks Employed

County UR  State UR  Region UR  County UR

State UR.  Region UR

(1) 2) (3) (4) (5) (6)
Obese * County UR -0.004 -0.030
(0.004) (0.051)
County Unemployment Rate  -0.030*** -0.366***
(0.005) (0.067)
Obese * State UR -0.010** -0.056
(0.004) (0.056)
State Unemployment Rate -0.025*** -0.271%**
(0.006) (0.077)

Obese * Region UR -0.014*** -0.077

(0.005) (0.061)
Region Unemployment Rate -0.034** -0.396**

(0.014) (0.178)
Controls X X X X X X
County FE X X X X X X
Year FE X X X X X X
Occupation FE X X X X X X
Individual FE X X X X X X
R? 0.643 0.634 0.628 0.421 0.410 0.403
Person-Years 51531 51753 51826 69276 69534 69581

*p < 0.10, ** p < 0.05, ** p < 0.01. Standard errors (in parenthe-
sis) are clustered by county-year. Controls include age and its square,
female, race, highest degree obtained, number of children, marital sta-
tus, urban residence, and ASVAB test scores. All estimations include
county, year, occupation and individual fixed effects. Observations are

at the person-year level.
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Figure A.1: Differential Effects by BMI Level (NLSY)
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The y-axis represents the coefficient for the effect of the interaction between a dummy variable for obesity
(based on different levels of BMI) and the unemployment rate in percentage points. The x-axis represents
each BMI level. BMI levels are as follows: BMI > 26, BMI > 28, BMI > 30, BMI > 32, BM1 > 34,
BMI > 36, BMI > 38, and BM1 > 40. Standard errors are clustered by county-year. Controls include age
and its square, female, race, highest degree obtained, number of children, marital status, urban residence
and ASVAB test scores. All estimations include county, year and occupation fixed effects.
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Figure A.2: Differential Effects by BMI Level (BRFSS)
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The y-axis represents the coefficient for the effect of the interaction between a dummy variable for obesity
(based on different levels of BMI) and the unemployment rate in percentage points. The x-axis represents
each BMI level. BMI levels are as follows: BMI > 26, BMI > 28, BMI > 30, BMI > 32, BM1 > 34,
BMI > 36, BMI > 38, and BMI > 40. Standard errors are clustered by state-month. Controls include
age and it square, female, race, number of children, education and marital status. All estimations include
state and month-year fixed effects.
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Appendix B

Chapter Two Appendix

B.1 Employing Kriging to Predict Pollution Exposure at Schools

In a future extension of our study, we would like to employ a kriging procedure that will give greater precision
in our pollutant estimates at each school. In our Kriging procedure, exposure at a given school on a given
day is a weighted average of the available measurements on that day within some vicinity of the school
(Cressid, 1990; Montero, Fernandez-Avilés, and Mated, 201H). The weights that we employ depend on the
distance between school s and the monitoring station m (ds,, ), the relative location of the monitoring station
vis-a-vis the school (s, ), and the wind direction on that day (NE;). In the spirit of Halliday et al] (2019),
we employ the variable N FE;, a binary variable indicating that the winds on that day were northeasterly.
Such winds are called trade winds and they tend to improve air quality throughout the state. If we denote
the measured pollution at monitoring station m on day ¢ with IL,,;, our prediction of exposure at school s
on day t is
Pi= " Mdm:lsm: NE) Ty
meN(s)
where N (s) denotes a neighborhood of school s." The kriging weights, A(dgm, lsm, N E;), are estimated using

a GMM procedure which we outline in the appendix and sum to unity.

B.1.1 Technical Details of the Kriging Procedure

To fix ideas, we let s € {1, ..., S} denote the school, and ¢t € {1,...,T} denote the time periods, and m € N(s)
denote the monitoring station where N (s) is the neighborhood of school s. We consider three neighborhoods:
the island of Oahu, the southwestern part of Hawaii (that is most exposed to Kilauea’s emissions), and the
remainder of Hawaii. We denote the pollution measurement at a given monitoring station on a particular

day as IL,,:. The predicted exposure is then

ﬁst = Z )\sm(NEt)Hmt
meN (s)

Hn fact, kriging is a universal predictor in that it uses all available measurements to make predictions. However, in non-
stationary environments such as this, it is advisable to use more local measures. With this in mind, we employ three neigh-
borhoods: Oahu, south Hawai‘i (near Kilauea), and north Hawai‘i (the rest of the island of Hawai‘i).
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where the kriging weights are s (NE:) = A(dsm, lsm, NE:). Once again, bear in mind that NFE; € {0, 1}.
The weights are chosen to guarantee that the predictions are unbiased and that the prediction error has min-
imum variance. Following Monfera ef all (20005) (see p. 86) and making some local stationarity assumptions,

the first order conditions that guarantee these criteria are

Z Asm (0)Ynm (b) + ap = Yns(dp) for n € N(s) (B.1)
meN (s)

> Amd) =1 (B.2)

meN((s)

where both conditions hold for b € {0,1} and «y is the Lagrangian multiplier on the constraint in B=2 which
guarantees the unbiasedness of the prediction. The object, Y., (), is the semivariogram between locations
m and n when NE; = b. For each school in N(s), equations BTl and B constitute a set of #N(s) + 1
equations in as many unknowns. So, we then have #N(s) X (#N(s) + 1) equations in total. If we index the

monitoring stations in N(s) from one to M (s) (with some abuse of notation) and define

)\S(b) = ()\Sl(b>, vy )\sM(s) (b)7 Ozb)/

then the Kriging weights are \s(b) = I'(b) 715 (b) where

~11(b) cee ’YlM(s)(b) 1
I'b) =
(s (0) o Ym(sm(s)(b) 1
1 o 1 0
and
715(b)
Ts(b) =
Yai(s)s(D)
1

Hence, the task of computing the Kriging weights is reduced to computing the semivariogram for NE; = 1
and NE; =0.

To compute the semivariogram, we postulate a functional form for the semivariogram. We assume that

Ymn(NEy) =1—exp | —dmn X | ONEr + > (51mn () + Bj % Linn(j) x NE) (B.3)

jeL
where £L = {NE,SE,SW,NW} and 1,,,(j) is an indicator for the location of n relative to m where m is
held fixed. Note that distance enters multiplicatively to ensure that the semivariogram is zero when d,,,, = 0
and, by construction, ym,,(NFE:) € [0,1]. This assumption reduces the spatial covariance structure to ten
parameters which allows us to make extrapolations and interpolations needed to construct I'y(b). We collect

these parameters in the vector 6.
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We estimate these parameters using GMM. We let 7., (b) denote the empirical semivariogram for the

monitoring station pair (m,n) for b € {0,1}. Similarly, T'(b) is the matrix that collects the empirical

semivariograms. Then for each pair (m,n), we can construct two collections of moment conditions

q»(6) = vec (lower triangle (P(b) —T'(b; 0)))

for b € {0,1}. We further collect these in the (M +1)M x 1 vector ¢(0) = (qo(8)’, q1(6)’)’. We estimate 6 by
minimizing ¢(0)'Wq(0) where W is an #N(s)(#N(s) + 1) x #N(s)(#N(s) + 1) weighting matrix.
Importantly, 6 is easy to estimate. First, compute the empirical semivariagrams for trade wind (NE; = 1)

and non-trade wind days (NE; = 0). Second, we re-write B3 as

1= Yn(NEy) = exp | —dmn ¥ | SNEe + Y (6;1mn(§) + B X Lmn(j) X NEy)
JEL
and we then note that estimation can proceed by using a simple Poisson regression package in Stata or
R. The weighting matrix can be accommodated by using appropriate weights in the estimation. Once 6 is

estimated, we can then estimate the Kriging weights A, (b).

B.2 Instrumental Variables Estimation

Our IV strategy is based on Halliday et al] (2009). The first stage is given by
EXPOSURE, = ag + a1502; + aaNE; + asNE; * SO2; + oy + €4 (B.4)

where the left hand variable is pollution levels for the particulates PMs 5 and PMig on the island of Oahu
associated with school s on day t. The term, SO2; is the average SO5 levels the Pahala and Ocean View
monitoring station, both located south of the volcano. N E; is a dummy variable equal to 1 if the the wind
direction at the Honolulu International Airport is coming from the northeast direction (between 0 and 90

degrees). In addition, we include school fixed effects in the first stage. The second stage is then given by

Yist = BEXPOSUREg; + 0Xigt + 05 + €isr. (B.5)

B.2.1 IV Results

In this subsection, we estimate the IV model discussed above. These estimates will deliver the effect of par-
ticulates on test scores on Oahu. As previously argued, these estimates are not contaminated by confounding
S0O- levels which may be an issue on the island of Hawai’i. The full model is discussed in the appendix,
specifically, in equations (B4) and (B33).

The first stage is reported in Table B and the second stage is reported in Table B=. The first stage
estimates display the expected patterns. We see that SO levels in south Hawai‘i lead to higher particulate
levels on Oahu but only one of these estimates is significant. Similarly, trade winds do result in less particulate
pollution on Oahu and they also mitigate the effects of high emissions from Kilauea as seen by the negative
interaction. The F-statistics on the excluded instruments are 55.5 for PM> 5 and 6.1 for PM;g.
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Table B.1: First Stage IV Regression Results

PMs 5 PMio
(1) (2)
NE*SO, -0.015**  -0.044***
(0.006) (0.015)
Northeasterly Wind (NE) -0.765*** 0.646
(0.173) (0.402)
S0, 0.017*** 0.014
(0.005) (0.015)
F-statistic 55.498 6.117
R? 0.101 0.005

* p<0.10, ** p < 0.05, *** p < 0.01
Standard errors are clustered by school.

All estimations control for school fixed

effects. The variable, SO2, is the average of SO2 measures from two pollutant
monitoring stations located south of Kilauea volcano on Hawaii island.

Using our instrument, we estimate the effect of the pollutants PMs 5 and PMjo on exam scores. In Table
B2, we do not see that particulates impact test scores on Oahu, but the IV estimates are very imprecise.
Aside from imprecision, we offer two additional reasons for the null IV estimates.
separately on Oahu and Hawai’i island, Table B3 shows that the bulk of the effects of pollution are on the
island of Hawai’i. This is consistent with Figure 2211 which shows that the pernicious effects of particulate
pollution are higher in more polluted areas. Accordingly, one reason for the null IV estimates may be that
baseline level of particulate pollution are lower on Oahu. Second, we do provide evidence that SO has
negative impacts on student test scores.

particulate exposure may be picking up some confounding from sulfur dioxide. The null IV estimates then

may reflect the absence of an SOy confound using this design.

Accordingly, some of the significant estimates of Table EZ3 on

Table B.2: Second Stage IV Regression Results

(1)

(2)

First, applying OLS

PMs, 5 0.215
(0.818)
PMio -0.125
(1.044)
R? 0.078  0.077
Number of Schools 176 176

* p < 0.10, ** p < 0.05, *** p < 0.01

Standard errors are clustered by school. Control variables include female, econom-
ically disadvantaged families, non-native English speaking, math exam, grade level
and ethnicity. All estimations control for school, month and academic year fixed

effects.



B.3 Additional Tables and Figures

Table B.3: Prediction Error in Pollutant Measures

PM; 5 PMiq SO,
Station Mean Std. Dev. Corr. Mean Std. Dev. Corr. Mean Std. Dev. Corr.
Hilo .95 5.578 297 -13.221 13.194 .16
Honaunau 757 797 677
Honolulu -.767 1.804 757 -6.02 5.297 .655  -5.789 5.055 -.002
Keaau -2.584 4.959 515
Kahului -3.259 4.377 .366
Kailua Kona .623 .66 377
Kapolei .601 1.629 76 -1.902 4.041 759 -3.748 3.132 -.064
Kihei -1.041 3.673 .361
Kona 4.403 6.709 415 -15.845 14.517 .597
Mountain View  -.845 3.53 .696 -9.295 8.119 41
Ocean View 5.685 4.647 .646 -11.012 15.469 .408
Pearl City -.441 1.773 774 6.535 5.709 .64
Pahala -3.897 3.316 .563 -2.815 17.923 .429
Sand Island 319 1.897 744
All Stations 234 4.281 510 -.143 7.012 0.405 -9.291 11.684 0.176

This table displays the prediction error between true values of pollution at each
monitoring station and its estimated value. The "Mean" and "Std. Dev." columns
report the prediction error mean and standard deviations.
reports the correlation coefficient between the true and estimated value of each pol-
lutant. Estimated values of pollution were calculated by taking a weighted average
of pollutant measures from nearby monitoring stations within a 20 mile radius. Pol-
lutant monitoring stations that did not have any other stations within a 20 mile

radius were excluded.
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Table B.4: Balance Test

P]\/[2_5 P]\/fl() SOQ
DG (3)
Female -0.006 0.003 -0.008
(0.006)  (0.013)  (0.008)
Economically Disadvantaged -0.015 -0.015 -0.025
(0.012)  (0.020)  (0.021)
Received English Language Services — -0.014 -0.060 0.007
(0.020)  (0.064)  (0.024)
Math Exam -0.246**  0.004 0.179*
(0.098) (0.184)  (0.103)
Filipino 0.014 -0.012 -0.022*
(0.012)  (0.026)  (0.011)
Native Hawaiian 0.013 -0.023 0.018
(0.017)  (0.030)  (0.018)
Pacific Islander 0.011 -0.009 -0.021
(0.015)  (0.033)  (0.027)
White 0.018 0.007 -0.002
(0.012)  (0.030)  (0.015)
Other Ethnicity -0.004 -0.028 -0.014
(0.015)  (0.039)  (0.017)
4th Grade -0.078 -0.079 -0.091
(0.066)  (0.158)  (0.087)
5th Grade -0.127**  -0.162 -0.094
(0.058)  (0.147)  (0.065)
6th Grade 0.008 0.293  -0.345***
(0.083) (0.186)  (0.127)
7th Grade -0.070 0.335  -0.436***
(0.123)  (0.229)  (0.144)
8th Grade -0.057 0.469*  -0.471***
(0.123)  (0.280)  (0.153)
11th Grade -0.295 -0.239 -1.314
(0.203)  (0.386)  (0.813)
Month FE X X X
Academic Year FE X X X
School FE X X X
R? 0.377 0.347 0.515
F-test 1.557 0.887 1.594
p=0.16 p=0.29 p=0.37

* p<0.10, ** p < 0.05, *** p < 0.01

Notes: Standard errors clustered by school. Regressors include female, economically
disadvantaged families, non-native English speaking, math exam, grade level and
ethnicity. All estimations control for school, month and academic year fixed effects.
The F-test tests for whether the covariates in each model are jointly equal to zero.
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Table B.5: Effect of Pollution on Math and Reading Scores, OLS Estimates

(1) (2) (3) (4) (5)
Oahu Hawai‘i Island
PMss -0.104 -0.321**
(0.228) (0.153)
PMio -0.0453
(0.0864)
SOq -0.584 -0.134
(0.823) (0.0827)
R? 0.273 0.271 0.267 0.224 0.232

Notes: Standard errors are clustered by school. Control variables include female,
economically disadvantaged families, non-native English speaking, math exam,
grade level and ethnicity. All estimations control for school, month and academic
year fixed effects. * p < 0.10, ** p < 0.05, *** p < 0.01
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Figure B.2: Kernel Density of PM7y Demeaned and Its Residual
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Figure B.3: Kernel Density of SO, Demeaned and Its Residual
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Appendix C

Chapter Three Appendix
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Table C.1: Personality Trait Groupings

Response Choice Inverted
Ezxtroversion

Extroverted, enthusiastic No
Reserved, quiet Yes
Agreeableness

Critical, quarrelsome Yes
Openness

Open to new experiences, complex No
Conventional, uncreative Yes
Neuroticism

Anxious, easily upset No
Calm, emotionally stable Yes
Conscientiousness

Disorganized, careless Yes
Hard Working Traits: 2008 and 2010 Average

I have high standards and work towards them No
I make every effort to do more than what is expected of me No
I do not work as hard as the majority of people around me Yes
I do what is required, but rarely anything more Yes
Rule Following Traits: 2008 and 2010 Average

I support long-established rules and traditions No
Even if T knew how to get around the rules without breaking them, I would not do it No
I do not intend to follow every little rule that others make up Yes
When I was in school, I used to break rules quite regularly Yes

Each response choice represents a question in the interview where respondents were
asked to rate how much each statement applies to them on a scale of 1 to 7 where a
higher rating indicates that the statement strongly applies. The scale for statements
that relate to the opposite of each Big Five grouping is inverted so that a lower rating
indicates the statement strongly applies to the individual. Ratings for questions
applying to hard working and rule following characteristics are taken as the average
of the response from the 2008 and 2010 survey waves.
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Table C.2: Difference in Personality Traits Over Time

Mean Std. Dev. Min Max

Hard Working Traits

Does More than Required 0.11 1.91 -6 6
Overall Hard Worker 0.07 1.74 -6 6
High Effort at Work -0.09 1.35 -6 6
High Work Standards -0.09 1.27 -6 6
Rule Following Traits

Does Not Bend Rules -0.07 2.10 -6 6
Did Not Break School Rules -0.05 1.88 -6 6
Follows Rules 0.08 2.18 -6 6
Supports Rules and Traditions -0.14 1.71 -6 6

Data is from the NLSY 1997 Cohort from survey years 2000-2011, 2013 and 2015.
Personality traits are self-reported on a scale of 1 through 7 where 7 indicates the
trait strongly applies to the individual. This table reports the mean difference
between self reported personality traits in the 2008 and 2010 survey waves.
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Figure C.1: Histograms of the Constructed Big Five Personality Traits
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Figure C.2: Kernel Density of Mean Differences in Traits Over Time
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