THREE EMPIRICAL STUDIES ON ENVIRONMENTAL HAZARDS, PUBLIC HEALTH,
AND POLICY RESPONSES

A DISSERTATION SUBMITTED TO THE GRADUATE DIVISION OF THE
UNIVERSITY OF HAWAI‘I AT MANOA IN FULFILLMENT
OF THE REQUIREMENTS FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY

IN

ECONOMICS

APRIL, 2025

By

Adrian Amaya

Dissertation Committee:

Teresa Molina, Chairperson
John Lynham
Tim Halliday
Justin Tyndall
Makena Coffman, University Representative



Acknowledgments

The journey of completing this dissertation was made possible by the support, guidance, and
collaboration of many people, far more than can be acknowledged on this page. | am immensely
grateful to each and every one of you for your encouragement and contributions.

First, I would like to express my deepest gratitude to my chair, Dr. Teresa Molina. Your guid-
ance and overall expertise were instrumental throughout my doctoral journey. Your mentorship
helped me to stay on course, and for that, I am profoundly thankful.

I am also sincerely grateful to Dr. John Lynham, Dr. Tim Halliday, Dr. Justin Tyndall, and
Dr. Makena Coffman for their service on my dissertation committee. Your insightful feedback and
thoughtful discussions greatly enriched these studies.

A special thank you to my co-authors, Dr. John Lynham, Dr. JC Villasefior-Derbez, Dr. Giulio
De Leo, and Joseph Eshun. Without your collaboration, this project would not have reached the
level of depth and rigor that it did. Your support has allowed me to grow as a researcher, and [ am
grateful for the opportunity to have learned from and worked alongside you.

I would also like to extend my appreciation to the faculty at the Economics Department, includ-
ing Dr. Dylan Moore, Dr. Nori Tarui, and Dr. Ruben Juarez, for their instruction, mentorship, and
continued support throughout my academic journey. A heartfelt thank you to Dr. Grace O, whose
mentorship and encouragement played a pivotal role in my decision to pursue a Ph.D. Your belief
in my potential set me on the path to both academic and professional fulfillment.

To my peers and colleagues at the Economics Department—Dr. Nicole Siegal, Dr. Ivan Ri-
vadeneyra Camino, Elanur Ural, Joseph Eshun, Min-Jung Kim, Eric Schwartz, and others—thank
you for your helpful comments during workshops and for the experiences we shared throughout
this journey. To Mindy Scordilis and office staff, thank you for your invaluable administrative
support.

Lastly, to my family and friends, though sometimes physically far away, your unwavering
presence provided me with the balance I needed to step away from this dissertation when necessary.
Your encouragement has been an essential part of this achievement and I could not have done it
without you.



Abstract

The first essay examines the relationship between wildfire-driven ambient particulate matter
(wildfire-PM) and health insurance enrollment in the United States. I leverage temporal and geo-
graphic variations in wildfire-PM to estimate their causal impact on health insurance enrollment.
The findings show that exposure to wildfire-PM significantly increases health insurance enrollment
and this is largely driven by increases in Medicaid enrollment. I also show evidence that Medicaid
enrollment can mitigate the mortality effects of wildfire-PM exposure. The results of this essay
indicate that public health insurance plays a crucial role in buffering vulnerable individuals against
health risks associated with environmental hazards like wildfire-PM.

The second essay explores the relationship between artisanal small-scale mining (ASM) in
Ghana and malaria transmission. In Ghana, ASM tends to be a highly transitory and illicit activ-
ity that overwhelms mining lands with uncovered excavation pits. Once these pits are filled with
stagnant water, they turn into ideal breeding sites for mosquitoes which are the primary vectors for
malaria transmission. Using a difference-in-differences approach, this study finds that proximity to
newly established ASMs significantly increases malaria incidence among children under five years
old. This relationship is robust across different methodological specifications and highlights the
need for targeted interventions to mitigate disease transmission in mining-adjacent communities.

The third essay shifts focus to a global scale, examining how countries responded to the the
COVID-19 pandemic. Using nighttime lights (NTLs) satellite imagery, this study categorizes 170
countries into four adaptation pathways based on how NTLs change over time. The findings indi-
cate that, as expected, countries implementing stringent lockdowns experienced steep declines in
nighttime activity. Interestingly, those that rapidly adopted health policies such as contact tracing
and testing exhibited faster recovery of their NTLs compared to those that relyied primarily on lock-
downs. This research provides insights into how remotely sensed data can be used to supplement
efforts to monitor impact and recovery at a fine temporal and spatial scale.
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Introduction

Our societies are continually shaped by sudden and often unpredictable disruptions that im-
pact individuals, communities, and nations. This dissertation examines three distinct disruptions
and their impacts on public health and other socioeconomic systems. Understanding how people
systems are affected by, and respond to, these disturbances is critical for designing policies that
mitigate harm and encourage recovery.

Sudden disturbances to the status quo can exacerbate existing vulnerabilities and create new
policy challenges. Environmental hazards, like wildfires and mining-related degradation, have im-
mediate and long-term human health consequences. Similarly, global crises like the COVID-19
pandemic ripple through nations in different ways. By studying these disturbances through an
empirical lens, this dissertation contributes to a broader understanding of how individuals, com-
munities, and governments are impacted by — and respond to — uncertain and adverse conditions.

The first essay leverages plausibly exogenous variation in wildfire-driven ambient particulate
matter (wildfire-PM) to estimate its causal effect on health insurance enrollment in the United
States. I combine self-reported enrollment data from the American Community Survey with wildfire-
PM estimates from |Childs et al.|(2022)) and exploit within-area, temporal variation in wildfire-PM
to identify its effect on insurance enrollment. The results indicate that wildfire-PM exposure sig-
nificantly increases health insurance enrollment, driven entirely by Medicaid. Using county-level
mortality rates and variation in state-level Medicaid expansion status, I show evidence that Medi-
caid may be mitigating health damages associated with wildfire pollution. Overall, this essay shows
that public health insurance plays a crucial role in buffering vulnerable individuals against health
risks associated with environmental hazards like wildfire-PM.

The second essay, co-authored with Joseph Eshun, examines the causal relationship between
artisanal small-scale mining (ASM) activity and malaria incidence among children under five years
old in Ghana, a country with high malaria prevalence and significant ASM activity. Using a
difference-in-differences design, we leverage expansions in the ASM spatial footprint to compare
areas that are newly exposed to mining activity to areas that remain far from it, before and after
the expansion. We use a difference-in-differences framework to find that newly-exposed areas
have a higher probability of malaria infection among children by about 20 percentage points. Our
estimates are robust to alternative specifications, various proximity thresholds, and random simu-
lated spatial displacements. These results highlight the health risks associated with ASM expansion
and suggest the need for targeted interventions to reduce malaria transmission in mining-adjacent
communities.

In the third essay, coauthored with John Lynham, Giulio A. De Leo, and Juan Carlos Villasenor-
Derbez, we identified and explored adaptation pathways to the COVID-19 pandemic at a global
scale. We utilized nighttime lights (NTLs) satellite imagery, which are independent of national bias



and misreporting, to assess these pathways. We categorized 170 countries into four different adap-
tation pathways: impacted and Not Yet Recovered, impacted and now Back On Track, impacted
and Built Back Better,and No Response observed. We found that, as expected, stringent lockdown
policies were associated with a strong decline in nighttime lights. We also found that the imme-
diate implementation of health policies at the onset of the pandemic, such as contact tracking and
testing, was associated with faster NTL recovery and better overall adaptation, compared to coun-
tries whose response strategies were focused mainly on lockdown policies. These results provide
a complement, not an alternative, to cross-country comparisons on adaptation to the COVID-19
pandemic using more traditional outcome measures such as infection rates, mortality, or GDP.

This dissertation is structured as follows. The first chapter presents an in-depth analysis of
wildfire-driven air pollution and its effect on health insurance enrollment. The second chapter ex-
amines the relationship between ASM expansion and malaria incidence in Ghana. The third chapter
investigates global adaptation pathways to COVID-19 using nighttime lights data. Together, these
essays examine how environmental and health hazards impact individuals and institutions, offering
policy-relevant insights into resilience and recovery.



Chapter 1

Medicaid Enrollment Responses to Wildfire
Pollution

1.1 Introduction

Wildfires pose a growing threat to public health as they escalate and reverse air quality im-
provements in some parts of the U.S. (Burke et al.,|[2023)). Wildfires release large amounts of fine
particulate matter (PM5 5) into the air, which can travel vast distances, infiltrate homes, and affect
the health of individuals who live far from the point of origin. While the adverse health impacts of
wildfire-driven PM, 5 (hereafter wildfire-PM) are well-documented (e.g., see Miller et al., 2017;
Gould et al., 2023)), much less is known about how individuals respond in terms of behavior to this
environmental health shock, particularly in terms of insurance enrollment.

Previous literature on behavioral responses to wildfire pollution has found that higher-income
individuals are more likely to stay indoors and purchase protective equipment compared to lower-
income individuals (Burke et al., 2022)). Financial constraints are likely responsible for the lack of
adaptive behavior within low-income communities and this could be exacerbating existing dispar-
ities in exposure and subsequent health outcomes. For example, lower-income individuals tend to
live in areas with lower air quality (Colmer et al., 2020) and in homes more susceptible to wildfire-
PM infiltration (Krebs et al., 2021; Krebs and Neidell, 2024)). My research fills an important gap in
the literature by showing that Medicaid enrollment responses to wildfire-PM are a key behavioral
response for lower-income individuals. Furthermore, I show evidence that suggests Medicaid is
reducing the mortality effects of extreme wildfire-PM exposure among lower-income individuals
who often do not have the means to take other preventative actions.

This study provides the first evidence that wildfire-PM exposure increases health insurance
enrollment in the U.S. through Medicaid. Leveraging within-area variation in annual average
wildfire-PM exposure derived from (Childs et al.| (2022)), I estimate the causal impact of air pol-
lution on health insurance enrollment status using a two-way fixed effects model controlling for
a rich set of individual characteristics available in the American Community Survey. The quasi-
random nature of wildfire-driven air pollution allows for a credible causal estimate because unob-
served factors influencing insurance enrollment are unlikely to correlate with within-area variation
in wildfire-PM over time. I find that a one standard deviation increase in annual wildfire-PM ex-
posure leads to a 1 percentage point increase in Medicaid enrollment among eligible individuals,



which corresponds to a 1-2% increase relative to the average take-up rate in the Medicaid-eligible
population.

There is significant heterogeneity in Medicaid enrollment responses by race and income within
the Medicaid-eligible population. Black individuals tend to exhibit much larger enrollment re-
sponses relative to white individuals. Higher-income individuals within the Medicaid-eligible pop-
ulation tend to have slightly smaller enrollment responses. These differences by race and income
could be reflecting unobserved heterogeneity in the dose of exposure and/or responses to expo-
sure. For example, underlying differences in health endowment, investments in health, and resi-
dential/racial sorting may influence the dose-response function in a manner correlated with race or
income. Local-area characteristics also play an important role. Areas with higher baseline Medi-
caid take-up rates experience larger enrollment responses to wildfire-PM. One explanation is that
high baseline take-up rates tend to be correlated with more generous benefits and fewer barriers
to enrollment (Sommers et al., 2012). I also find that areas with higher historical wildfire pollu-
tion tend to have smaller enrollment responses. This finding is consistent with prior literature and
thought to be driven by more effective behavioral responses in high pollution areas and/or long-term
sorting based on vulnerability to air pollution.

Medicaid enrollment responses to wildfire-PM exposure are muted in the years after expansion
under the Affordable Care Act (ACA). I leverage the state-level variation in Medicaid expansion
status to compare Medicaid enrollment responses in expansion states and non-expansion states
before and after expansion. States that chose to expand experience significantly lower Medicaid
enrollment responses to wildfire-PM after expansion. One potential explanation is the overall in-
crease in enrollment due to the expansion of Medicaid resulting in increased outreach and reduced
barriers to enrollment.

Mortality effects of wildfire-PM exposure are also muted in expansion states, post-expansion. [
use county-level mortality rates from CDC WONDER and link them with annual wildfire-PM esti-
mates to show that adult mortality effects are smaller after expansion in expansion states relative to
non-expansion states during years with the highest levels of wildfire-PM exposure. It is important
to note that other, potentially larger, mediating impacts are not captured here like reductions in mor-
bidity and comorbidity related to wildfire-PM exposure. These results add to preexisting evidence
that Medicaid expansion provided a critical safety net to low-income adults who are vulnerable to
climate-related risks like increases in wildfire pollution.

This study contributes to a broader understanding of how air pollution influences health-related
behaviors, including insurance decisions. The EPA’s Integrated Science Assessment links exposure
to PM, 5 with adverse health outcomes ranging from respiratory issues to cardiovascular mortality
(EPAL2019). Contributions by the economics literature have identified a wider range of effects on
health, behavior, and cognition (e.g., (Chay and Greenstone, 2003;|Zivin and Neidell, 2012; |Currie
et all, [2014; |Schlenker and Walker, |2016; [Halliday et al.l 2019; Bayham et al., 2022} Krebs and
Luechinger, 2024). Previous literature has documented missed school days (Currie et al., [2009),
reduced outdoor activities and tourism (Neidell, 2009; |Zivin and Neidell, 2009; Noonan, 2014;
Keiser et al., 2018;|Jiang et al., 2019;|Yan et al., 2019), changes in migration and reduced mobility
(Banzhaf and Walsh, 2008} Cui et al., [2019; |[Liu and Yu, 2020)), and increased purchases of face
masks and filters (Zhang and Mu, 2018])). Air pollution is also known to increase healthcare utiliza-
tion and costs (Deryugina et al.,|2019; Birnbaum et al., 2020). However, few studies have explored
how individuals adjust their health insurance coverage in response to these risks.

While studies in China have found that air pollution can affect health insurance enrollment
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(Chang et al., 2018; |[Chen and Chenl, 2020), the United States presents a markedly different con-
text. In China, higher baseline pollution levels and a near-universal public insurance system with
relatively low benefits create a strong demand for private supplementary coverage. This private
supplementary insurance is the outcome of interest in/Chang et al. (2018)) who show that daily vari-
ations in the Air Quality Index influences purchases and cancellations of this type of insurance. The
outcome of interest in this study is a major source of public insurance in the United States. Public
insurance in China is largely compulsory and roughly 90% of the population has publicly managed
insurance (Chang et al.,|2018)). In contrast, the U.S. health insurance system is a complex mixture of
public and private options. Medicaid, a major public insurance option in the U.S., typically offers
comprehensive coverage to eligible individuals at no cost with roughly 60% take-up among those
eligible in my sample. Baseline pollution levels between the two countries are also very different.
The average annual PM concentration in|(Chen and Chen|(2020) was 44 pigm 3, while the average
was roughly 10 ;z,gm =3 in the United States during the same period according to data from the U.S.
Environmental Protection Agency (EPA). Therefore, my study provides insights into how a U.S.-
specific environmental and policy context influences the relationship between pollution exposure
and health insurance enrollment.

1.2 Background

1.2.1 Health insurance in the U.S.

Health insurance coverage in the US comes from a mixture of private and public sources cov-
ering approximately 54% and 36% of the population, respectively (Keisler-Starkey and Bunch,
2022). Employer-sponsored insurance is the largest privately-sourced insurance, while Medicaid
and Medicare are the largest sources of public insurance.

Employer-sponsored health insurance plans are selected and offered to employees and their
families as a benefit of employment. Typically, employers will offer insurance plans to their full-
time employees (i.e., those that work at least 35 hours a week) and cover a significant portion of
the insurance premium. Enrollment in employer-sponsored insurance typically occurs during an
annual open enrollment period, during which employees can select or change their health plans.
Migrating to a new employer and certain life events, such as marriage or the birth of a child, may
trigger a special enrollment period.

Medicaid is typically free comprehensive coverage for individuals with low income. Generally,
individuals and families with incomes below a certain threshold are eligible for Medicaid, and these
thresholds vary by state, age, and family size. Modified adjusted gross income (MAG]I) is used to
determine a household’s eligibility for Medicaid. Generally, MAGI is identical or very close to a
household’s adjusted gross income, which is used to calculate taxable income. Medicaid take-up
among those who are eligible is relatively low with national estimates roughly ranging between 50%
and 60% among those eligible, with much variation between states and within sub-groups (Aizer,
2003; Sommers et al., 2012} |Abdus, |2024). The three often-cited reasons for the relatively low
take-up rate are: a lack of knowledge about enrollment or eligibility, an inconvenient application
process, and the negative stigma often associated with participation in public programs.

Medicare is a free or low-cost public insurance that is targeted to seniors who are 65 and older.
In most cases, Medicare enrollment is automatic so I do not consider Medicare as an outcome for
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this study on enrollment decisions.

1.2.2 The Affordable Care Act (ACA)

The Affordable Care Act (ACA) restructured the U.S. healthcare system and increased health
insurance enrollment in general. The ACA was enacted in 2010, but its main components did
not take effect until 2014. Major policy changes include the expansion of Medicaid eligibility to
previously ineligible adults, the creation of health insurance marketplaces to aid in the enrollment
process, and the introduction of subsidies to encourage qualifying individuals to purchase insur-
ance. The Medicaid expansion increased access to previously ineligible individuals. The expansion
was initially a requirement for all states, but a 2012 Supreme Court decision allowed states to opt
in. By the end of 2014, 27 states (including the District of Columbia) had expanded Medicaid el-
igibility['] A handful of states elected to opt-in over the next few year§’l The expansion has been
linked to improved health outcomes and increased access to preventive care for those covered (e.g.,
see|Guth et al., 2020). Mandates were also introduced which prohibited insurers from denying cov-
erage based on pre-existing conditions and imposed a tax on individuals without health insurance.
The tax was initially set in 2014 (the amount varied with income) and the penalty increased over
time until 2019 when it was effectively set to $0. There were certain exemptions for individuals
with incomes below the filing limit, lack of affordable coverage options, or other hardships (Jost,
2013} [Keith,, 2018)).

1.3 Data

1.3.1 American Community Survey

I use the American Community Survey’s Public Use Microdata (ACS) for self-reported health
insurance enrollment and detailed individual-level characteristics. This survey can support esti-
mates for subgroups of the population and small geographic areas because of its large, representa-
tive sample (Turner and Boudreaux,, 2010). The smallest identifiable geographical unit in the ACS
are named Public Use Microdata Areas (PUMAs). These PUMASs are delineated based on popu-
lation within states and along census tracts after each decennial census. Due to the time-varying
delineation of PUMAs, I use survey data from 2012-2019 when PUMA boundaries remain con-
stant and are based on the 2010 decennial census. PUMASs tend to be geographically smaller than
counties in densely populated areas and larger than counties in sparsely populated areas. Figure
compares PUMA and county delineation.

The ACS is the only national survey that continuously provides sub-state level data on health
insurance enrollment. The survey asks respondents if they are currently covered by any of the listed
sources of health insurance and the respondent must answer yes or no to each source. This gives
access to specific sources of coverage and whether they are private or public. I only investigate
effects on the largest private and public sources, employer-sponsored insurance and Medicaid. The
sources of coverage are not mutually exclusive and the Census Bureau applies logical coverage edits
to address Medicaid underreporting (Lynch et al., 2011). ACS insurance enrollment estimates are

'DE, MA, NY, VT, and DC all expanded Medicaid prior to the ACA (Miller et al., 2021).
2AK, PA, IN, LA, MT, VA, ME all expanded Medicaid between 2015 and 2019.
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generally consistent with administrative data and other national surveys but Medicaid enrollment
tends to be understated (Boudreaux et al., 2011, |2015). There is also evidence that the Medicaid
undercount has worsened in Medicaid expansion states post-ACA (Boudreaux et al., 2019).

I focus on individuals in the civilian, non-institutional population who are likely required to en-
roll themselves into health insurance. This means that they should no longer have the option to use
their parent’s insurance or be eligible for Medicare. Young adults are allowed to remain on their
parents’ insurance plans until age 26 and Medicare coverage generally begins at age 65. Further-
more, [ exclude individuals who recently moved into their home to ensure that they experience the
local wildfire pollution in a given year and to minimize the impact of short-term migration patterns
that may be influenced by wildfires. However, results are similar whether I include or exclude
these individuals (results available upon request). This restricts the sample to adults aged 27 to 64
years of age between 2012-2019 who have lived in their current home for at least one year.

Eligibility for Medicaid is not collected as part of the ACS, therefore, I approximate eligibility
for Medicaid using two methods. I approximate eligibility using household income information
from the ACS and state-level eligibility thresholds from the Kaiser Family Foundation (KFF). As
a sensitivity check for the main results, I also approximate eligibility by following Heim and Lin
(2017) and|Soni et al.|(2017). This process involves using ACS interrelationship variables to iden-
tify family units and use detailed individual income data to estimate modified adjusted gross income
(MAGI) for each taxable family unit. I calculate MAGI as the total family income net supplemental
security income and public assistance payments. I then calculate income as a percent of the federal
poverty level (FPL) using annual poverty guidelines from the United States Department of Health
and Human Services. Finally, I compare the estimated MAGI to state-level eligibility thresholds
from the Kaiser Family Foundation (KFF) to determine eligibility.

1.3.2 Wildfire-PM

Childs et al.| (2022)) predicts daily wildfire-PM using a robust machine learning model with
inputs from ground, satellite, and meteorological data. Fire locations, satellite-based smoke plume
detection, and derived trajectories from the point-of-origin all help to inform on the presence of
wildfire smoke above an EPA monitor station. When wildfire smoke is present above an EPA
monitor station, wildfire-PM is inferred as the PM exceeding the non-smoke median value for the
station-month. A machine learning model uses remotely sensed cross-sectional and time-varying
covariates to make daily predictions on a 10x 10 km? grid for the contiguous United States from
2006-2020. The model performs well with both the observed PM data from EPA monitors and an
external data source from PurpleAilﬂ Furthermore, Ma et al.| (2024) shows that the wildfire-PM
estimates from (Childs et al.| (2022) are consistent with an alternative approach used by Aguilera
et al. (2023)) for Californieﬂ

Following code provided by Childs et al. (2022), I aggregate wildfire-PM concentrations up to
the PUMA-day using a population-weighted average. Then, I average daily wildfire-PM values
for each PUMA-year. Shapefiles for PUMA boundaries are from IPUMS USA and population
estimates are from WorldPop. Figure visualizes the spatiotemporal variation in wildfire-PM

3PurpleAir is a company that sells affordable air quality sensors to residential and commercial customers and
creates a network of sensors that provides publicly accessible data on air quality.

YAguilera et al. (2023) uses machine learning models to predict daily PM concentrations, statistical methods to
isolate wildfire-PM, and relies on a novel imputation procedure to produce zip-code level estimates.
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I leverage in this study. This figure displays the annual population-weighted average wildfire-
PM for each PUMA. The darkest areas, which indicate the highest annual average concentrations,
are clustered in the northwestern US. However, there are also moderately high levels of smoke
that permeate past the Rocky Mountains and into the Midwest. Record setting fires in 2017 sub-
stantially increased wildfire-PM in northwestern PUMAs between Northern California and British
Columbia. Wildfire-PM also increased in 2016 for a smaller number of southeastern PUMAs dur-
ing the Gatlinburg wildfires in Tennessee.

1.3.3 Summary statistics

Summary statistics are displayed in Table The average wildfire-PM concentration is ap-
proximately 0.4 ;1g/m?>. The average age is 46 years old and the average individual has an income
of about 340% FPL. Approximately 70% of individuals self-identified as non-Hispanic White, 10%
identified as non-Hispanic Black, and 13% identified as Hispanic. About 44% of respondents have
graduated with a college degree while 10% have no high school degree. I also calculate these statis-
tics for the Medicaid eligible population where eligibility is approximated using the two methods
discussed in Section

Medicaid take-up among those eligible is slightly higher when using ACS income to infer eli-
gibility. The take-up rate is 55% when using MAGI and 59% when using ACS income. Average
annual Wildfire-PM is nearly identical across both methods and the full sample. The percentage
of White individuals falls from 71% in the full sample to 57% for both Medicaid-eligible sam-
ples. This is largely offset by an increase in Hispanic and Black individuals. Roughly one-fifth of
the Medicaid-eligible sample completed some college degree. The majority of individuals in this
sample have at most a High school degree (55%).

1.4 Empirical Strategy

1.4.1 Main specification for insurance enrollment

Although a majority of wildfires in the U.S. are caused by human activity, their occurrence
is likely independent of health insurance enrollment decisions conditional on local-area and time
fixed effects. This plausible exogeneity allows me to study the causal impact of air pollution on
health insurance enrollment. I capture this relationship using the following equation:

Yipy = BPMpy-1) + Xz{pgﬂ + 0p + 0y + €ipy (1.1)

where Y, the outcome of interest, 1s whether individual i, in PUMA p, in year y, has health
insurance. P M, ,_1) is the annual average wildfire-PM for PUMA p in year (y — 1) standardized
to have a mean of zero and standard deviation of one. Note that the preferred wildfire-PM measure
in this study is the average wildfire-PM for the previous year. This is an attempt to align exposure
with the insurance enrollment decision that likely occurred at the end of the previous year. An
additional specification detailed below explores the dynamic relationship between exposure and
enrollment including contemporaneous effects. The coefficient of interest 3 captures the effect of a
one standard deviation increase in annual average wildfire-PM on the probability that an individual
will have insurance in the following year. This effect is after accounting for PUMA and year
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fixed effects, oy, and «,, respectively. PUMA fixed effects control for time-invariant differences
across PUMAs that may be correlated with exposure and enrollment, like geographic location and
urbanization. Year fixed effects control for time-varying shocks that have a common effect on all
PUMAS, like the ACA’s individual mandate. I also control for a vector of individual characteristics,
Xipy» including age, marital status, income, and employment status. Table lists all individual-
level control variables.

First, I investigate the effect of wildfire-PM on the probability of having any health insurance at
all. Then, I run separate regressions for employer-sponsored insurance (ESI) and Medicaid. These
initial regressions include the full sample of adults aged 27-64 and do not condition on eligibility for
Medicaid. I repeat these regressions conditioning on eligibility. For regressions where Medicaid
is the outcome, the sample is restricted to Medicaid-eligible individuals. For regressions where
ESI is the outcome, the sample is restricted to adults who are not eligible for Medicaid and work
full-time (35 hours per week or more).

1.4.2 Binned and distributed-lag specifications

I focus on Medicaid enrollment responses after showing that they are driving the increases in
health insurance enrollment. The following equation estimates a distributed lag model capturing
the dynamic relationship between exposure and Medicaid enrollment:

3
Medicaidip, = > MPMyy_ny + X}y + 6, + 6, + €y (1.2)
n=-—1

This specification includes the contemporaneous value of wildfire-PM along with three lags
and one lead. I can include these measures without losing observations because the wildfire-PM
data is available from 2006-2020. The outcome M edicaid,y, is equal to one if an individual 7, in
PUMA p, has Medicaid in year y. All else remains the same as in equation[I.1]

A third specification replaces the continuous measure of average annual wildfire-PM in equa-
tion|1.1|with a binned measure and is represented by equation The binning procedure divides
the wildfire-PM values into quintiles ensuring that each bin contains roughly 20% of total obser-
vations. The distribution of wildfire-PM values within each bin is summarized in Table[A.3l

5
Medicaidiy, =Y o Binf, 1y + Xiv + 6, + 0, + €ipy (1.3)

ip
k=2

Here, Bz’n’;(yfl) is an indicator for average wildfire-PM in PUMA p, falling into bin k£, in year
y — 1. The coefficients of interest, oy, estimate the effect of having lived in PUMA p with a
wildfire-PM concentration inside bin £, relative to the reference bin (the bottom 20% of annual
average wildfire-PM values).

1.5 Results

The first set of regressions estimate the effect of wildfire-PM exposure on the probability of
having any health insurance without conditioning on eligibility for Medicaid. Table shows
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that wildfire-PM exposure increases the probability of having any health insurance. This increase
is driven by Medicaid enrollment as shown in column 3 and there are no discernible effects on
employer-sponsored insurance (ESI). Table shows the next set of regressions investigating
enrollment responses conditioning on eligibility for Medicaid using ACS income. Table[I.2lc shows
another set of regressions using an alternative approximation of eligibility using MAGI.

There seems to be a small increase in ESI enrollment amongst individuals who are not eligible
for Medicaid and work full-time. A one standard deviation increase in annual average wildfire-PM
increases the probability of an individual having ESI by a tenth of a percentage point as shown
in column 1 of Table [I.2b. For regressions where ESI is the outcome, I exclude adults who are
currently enrolled in Medicaid and adults who are eligible. I also exclude adults who work less
than 35 hours a week. With these exclusions, wildfire-PM exposure has a significantly positive
but small effect on ESI enrollment. These estimates are similar for both methods of approximating
eligibility.

Medicaid enrollment responses are the main driver of the positive effects seen in column 1 of
Table[1.2a. Column 2 of Table shows that a one standard deviation increase in wildfire-PM
increases the probability of an eligible individual having Medicaid by about 1 percentage point,
or a 1-2 percent increase relative to the average take-up rate. These estimates are similar for the
different approximations of eligibility. For the remainder of the paper, I focus on the Medicaid
enrollment responses in the eligible population.

1.5.1 Medicaid enrollment responses

The distributed-lag specification suggests that wildfire-PM exposure has both a contemporane-
ous and delayed effect on Medicaid enrollment. This indicates a relationship between exposure and
enrollment that persists for a couple of years. The five coefficients of interest for the distributed lag
model are shown in Figure [I.3p. The point estimates on the contemporaneous measure, one-year,
and two-year lag are all significantly positive falling between half a percentage point and 1 percent-
age point. The estimates on the three-year lag and the one-year lead are not statistically different
from zero. Importantly, future wildfire-PM values have a negligible effect on contemporaneous
enrollment responses. The coefficient on the one-year lead is positively significant, but it has a
negligible magnitude.

The results from the binned specification expressed by equation does not seem to provide
strong evidence of a non-linear relationship between exposure and enrollment for Medicaid. Fig-
ure plots the coefficients of interest from the binned specification. The distribution of annual
average wildfire-PM values are binned into quintiles and all effects are relative to the lowest quin-
tile. Summary statistics for wildfire-PM values by quintiles are shown in Table I find that the
point estimates increase fairly linearly across quintiles starting at about 1 percentage point in the
2nd quintile to about 5 percentage points in the top quintile. Experiencing wildfire pollution in the
middle quintile is associated with a 2 percentage point increase in probability of having Medicaid
relative to years falling in the lowest quintile.
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1.5.2 Heterogeneity by individual characteristics and local-area baseline con-
ditions

There is significant heterogeneity in Medicaid enrollment responses by race and income, as
shown in Table Higher-income individuals exhibit smaller enrollment responses while Black
individuals exhibit larger responses relative to their counterparts. These differences suggest that in-
come and race play a key role in shaping responses to health shocks through Medicaid enrollment.
Several factors may explain these patterns. Higher-income individuals within the Medicaid eligible
population may have larger health endowments or invest more towards their health, making them
more resilient to health shocks. Residential sorting could also result in sub-PUMA heterogeneity
in exposure and response. Previous studies have explored the income gradient on environmental
damages, but the reasons for this disparity (whether dominated by differences in exposure or vul-
nerability) remains unclear (Hsiang et al., 2019; |Colmer et al.,|2020)). Similar logic can be applied
to the racial disparities in Medicaid enrollment responses to exposure. Black communities may be
more vulnerable to wildfire-PM health shocks and/or exposed to higher levels of baseline pollution.
These findings are consistent with previous research showing that Black infant mortality is partic-
ularly sensitive to changes in air pollution (Chay and Greenstonel 2003). These results also hint
at environmental justice concerns regarding the unequal burden of health damages from wildfire
pollution exposure.

PUMASs with higher baseline Medicaid take-up rates tend to experience larger enrollment re-
sponses. To test if baseline PUMA-level take-up rates influence enrollment responses, I interact
annual average wildfire-PM with baseline Medicaid take-up rates which are calculated for each
PUMA in 2012. The coefficient on baseline Medicaid take-up rates in column 1 of Table is
positive and statistically significant indicating that a one standard deviation increase from average
baseline Medicaid take-up rates is associated with an increase in Medicaid enrollment responses by
0.8 percentage points. These estimates are similar when approximating eligibility using the alter-
native MAGI-eligible method in Table One likely reason for this finding is that take-up rates
are positively correlated with coverage benefits, and ease of enrollment (Sommers et al., 2012).

Areas with higher historical wildfire-PM exposure tend to have smaller enrollment responses.
To test whether higher historical wildfire-PM exposure is associated with smaller enrollment re-
sponses, | interact annual average wildfire-PM with the average annual wildfire-PM from 2006-
2011 calculated for each PUMA. I find that PUMAs with higher historical wildfire-PM tend to
have smaller Medicaid enrollment responses. This finding is consistent with other literature study-
ing the health impacts of wildfire pollution (e.g., Miller et al., 2017; Heft-Neal et al., 2022) and air
pollution more generally (e.g., |Deryugina et al., [2021). Column 2 of Table shows that a one
standard deviation increase in historical wildfire-PM is associated with lower Medicaid enrollment
responses by 0.2 percentage points. These estimates are similar when approximating eligibility
using the alternative MAGI-eligible method in Table Some possible explanations that have
been brought up in previous literature include less adaptive behavior in areas with less frequent
exposure and vulnerable populations sorting into areas with less historical exposure.

1.5.3 Enrollment responses and Medicaid expansion

The Affordable Care Act (ACA) significantly restructured the US healthcare system aiming to
increase overall enrollment. Therefore, it is possible that Medicaid expansion under the ACA has
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significant effects on the exposure-enrollment relationship. Here, I examine whether the exposure-
enrollment relationship changed in states that expanded Medicaid as part of the ACA by exploiting
state-level variation in Medicaid expansion status over time.

Medicaidyy,, = yPMyy—1y + Bo(Expandeds x PMyy,_1y) +
B3(Posty x PMyy,—1)) + Ba(Expandeds x Post,) +
Bs(Expandeds x Posty, x PMpyy,_1y) + X, v + 0p + 0y + €y (1.4)

The only changes from equation|I.T|are the inclusion of interactions between P M, 1), Post,,
and Fxpanded,. Post, 1s an indicator for the years 2014 and onward. Exzpanded, is an indicator
for the states that expanded Medicaid in 2014. I exclude states that expanded Medicaid before
2014 or between 2015 and 2019. The control is made up of states that did not expand or expanded
after 2019. This is one approach used in Miller et al. (2021)) who finds significant reductions in
mortality in states that expanded Medicaid. The coefficient of interest 35 captures a change in the
exposure-enrollment relationship in expansion states across post-expansion years.

I find that enrollment responses are muted in the years following Medicaid expansion. Table[I.4]
shows that the probability of Medicaid enrollment in response to a one standard deviation increase
in wildfire-PM is 2.6 percentage points lower in expanded states after expansion relative to before
expansion. These estimates are similar when approximating eligibility using the alternative MAGI-
eligible method in Table One potential explanation is the overall increase in enrollment that
occurred due to Medicaid expansion. After states expanded Medicaid, many previously ineligible
individuals will enroll for reasons unrelated to wildfire pollution. There was also the “welcome
mat” effect where many previously eligible individuals enrolled due to increased outreach and/or
reduced barriers to enrollment (Frean et al., 2017). Therefore, the relationship between wildfire-
PM exposure and Medicaid enrollment decisions may have become less pronounced in the post-
expansion years.

1.6 Discussion

1.6.1 Mechanism

Consistent with (Chang et al. (2018)), I argue that negative health shocks increase the perceived
value of health insurance, incentivizing previously uninsured individuals to enroll. An alternative
explanation is that individuals experience a health shock, seek hospital care, and are subsequently
enrolled in Medicaid by hospital staff. While data limitations prevent me from fully disentangling
these mechanisms, the significant positive effects I find for employer-sponsored insurance (ESI)
suggest that at least part of the response reflects individuals proactively enrolling rather than obtain-
ing coverage through hospital-facilitated enrollment. Further research can more precisely identify
the relative contributions of these channels.

Evidence from previous literature suggests that health shocks from air pollution dispropor-
tionately burden low-income communities. We may also expect to see that uninsured individuals
are particularly sensitive to these health shocks. To explore this, I expand on findings from Qiu
et al] (2024)) with a heterogeneity analysis on county-level mortality effects based on the follow-
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ing baseline characteristics: proportion of low-income adults and proportion of uninsured adults.
These baseline characteristics are calculated for each county using the 5-year 2013 ACS estimates.
Mortality rates are gathered from CDC WONDER for the years 2006-2019. Data are based on
death certificates containing a single underlying cause of death and up to twenty additional mul-
tiple causes. I gather mortality rates for the following underlying causes of death: diseases of the
circulatory or respiratory system (UCD-ICD-10 codes 100-199 and J00-J98).

Mortality effects of wildfire-PM are modeled by the following equation:

5
Mortality., = anBmfy + 0 + 05y + €gy (1.5)
k=2

where Mortality., is the age-adjusted all-cause mortality rate per 100,000 for adults aged 25-64
in county c in year y. Following Qiu et al|(2024)), all regressions include county (d.) and state-
by-year (d,,) fixed effects with standard errors clustered at the county level. All regressions are
weighted by the total population aged 25-64 in 2013. Bin’gy is a dummy equal to one if wildfire-
PM in county c in year y falls into bin £ (of the five bins derived by splitting the distribution of
wildfire-PM values into quintiles). The omitted bin is the first quintile (i.e., the bottom 20% of
wildfire-PM values). The estimates from this baseline model are shown in the first panel of Figure
labeled “Baseline”.

To investigate heterogeneity in mortality effects by county-level uninsured rates and low-income
rates, I interact these baseline rates with the binned wildfire-PM measure:

5 5

Mortality., = anBm’gy + Z(QkBinljy X Lowincome.) + 0. + 05y + € (1.6)
k=2 k=2
5 5

Mortality., = anBmfy + Z(pkBinljy x Uninsurance.) + 0. + 05y + € (1.7)
k=2 k=2

where LowIncome. and Uninsurance. are rates calculated for the adult population aged 25-64
in county c. Both rates are calculated using 2013 5-year ACS estimates via the tidycensus pack-
age in R. Low income is defined as having income less than 150% of the Federal Poverty Line
(FPL). Uninsured rates and low income rates are standardized to have a mean of zero and standard
deviation of one.

Figure|l.4|shows the total effect on mortality rates for binned wildfire-PM exposure. The base-
line results show that adult mortality rates increase across wildfire-PM bins. The next two panels
in the figure suggest that lower-income counties and counties with more uninsured adults are asso-
ciated with slightly higher mortality rates for high levels of exposure. The increase is roughly 1-2
additional deaths per 100,000 adults when exposure falls in the highest quintile. The magnitudes
are similar for lower-income and higher uninsured counties. Note that lower income counties tend
to have higher mortality rates even for low-to-average wildfire-PM exposure indicating a signif-
icant disparity in wildfire-related health damages by income. The elevated mortality rate across
multiple bins implies higher rates of morbidity and comorbidity related to wildfire-PM exposure.
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These results are in line with previous research highlighting the income gradient in environmental
damages (e.g, [Hsiang et al., [2019; Deryugina et al., [2021). This disparity in health damages may
partly explain the relatively large enrollment response in the Medicaid-eligible sample.

1.6.2 Other explanations

Wildfire-PM might also increase the number of eligible people if exposure is associated with
negative shocks to income. This means that the increase in Medicaid enrollment may be partly
driven by income shocks that are correlated with increases in wildfire-PM. However, Table
shows that wildfire-PM is associated with small increases in income, not decreases. The first col-
umn of Table shows that the probability of being eligible for Medicaid is also significantly
lower following increases in wildfire-PM. These regressions include the same two-way fixed ef-
fects as the main specification but do not control for other individual characteristics. I find that a
one standard deviation increase in wildfire-PM is associated with a decrease in the probability of
being eligible for Medicaid in the following year. Note the increase in the probability of enroll-
ment in Table in response to wildfire-PM despite the decrease in eligible individuals implied
by Table

One might be concerned that the composition of people in PUMA-years might be correlated
with wildfire-PM exposure for many reasons (e.g., mortality, migration, survey response). The
significant correlations between wildfire-PM and various respondent characteristics in Table
suggests that this may be occurring. To investigate changes in sample composition, Table
regresses various respondent characteristics on wildfire-PM exposure using two-way fixed effects
without any additional controls. Table runs these regressions on the Medicaid-eligible sample
and Table runs these regressions on the full sample of adults. 1 find that certain respondent
characteristics are correlated with wildfire-PM exposure. Most of these estimates have negligible
magnitudes but there are a few notable relationships. Increases in wildfire-PM are associated with
slight increases in the likelihood of being married, being a parent, and being employed full-time
within the Medicaid-eligible population. Most of these relationships persist in regressions on the
full sample. While these relationships are puzzling, given the small magnitudes of the coefficients,
it is unlikely that these are driving the results. I control for a rich set of individual characteristics in
all specifications assuming that any remaining differences in enrollment outcomes can be attributed
to variation in wildfire-PM.

1.6.3 Medicaid expansion and mortality mitigation

A natural follow-up question to the main results of this study is whether Medicaid enrollment
responses mitigate the mortality effects of wildfire-PM exposure. Previous research has found
significant reductions in mortality in states that expanded Medicaid as part of the ACA compared
to states that did not expand Medicaid (Miller et al., 2021). Here, I augment one approach used
by Miller et al. (2021) to explore heterogeneity in the mortality-reducing effect by county-level
wildfire-PM exposure. I estimate the following model:
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5 5
Mortality., = Z nkBmfy + Z(%Bmfy x Post,)+
k=2 k=2

5 5
Z(UkBm’(fy x Ezxpandeds) + Z(BkBmlgy x Post, x Expandeds)+
k=2 k=2

Oc + 05y + €cy  (1.8)

The variables Mortality., and Bz’n’jy are defined the same as in equations and
The variables Fxpandeds and Post, are defined the same as in equation The coefficients of
interest (3 capture the change in the exposure-mortality relationship post-expansion in expansion
states relative to non-expansion states.

Figure sums the coefficients from equation to estimate the total effect on mortality
rates for each quintile. The figure shows that counties in expansion states had significantly fewer
deaths attributable to high wildfire-PM exposure after expansion. I find that Medicaid expansion is
associated with roughly 6 fewer deaths per 100,000 adults for values in the highest quintile. These
results expand on Miller et al.| (2021) to show that Medicaid expansion to previously ineligible
adults may be reducing mortality from high levels of wildfire-PM exposure.

1.7 Conclusion

This paper finds a causal effect of wildfire-PM exposure on health insurance enrollment which
is completely driven by Medicaid. I provide evidence that the Medicaid enrollment responses are
not driven by selection nor income shocks related to wildfire-PM exposure, and this effect remains
stable when using an alternative approximation of Medicaid eligibility. These Medicaid enrollment
responses are relatively large and persist over time. Heterogeneity analysis shows that there are sig-
nificant differences in enrollment responses across race and income within the Medicaid-eligible
population. I also show evidence that areas with high baseline take-up rates and areas with histor-
ically low wildfire-PM exposure tend to experience larger enrollment responses. These findings
show that Medicaid enrollment is a key behavioral response among individuals who are financially
constrained and disproportionately burdened by wildfire-PM exposure.

Wildfire-PM exposure causes significant health shocks and increases mortality risks, particu-
larly in low-income communities. I argue that this health shock is driving the increases in insur-
ance enrollment I find in the Medicaid-eligible population. Individuals who suffer health shocks
are more likely to encounter hospital personnel who may facilitate enrollment. Alternatively, in-
dividuals may perceive the risks and enroll on their own without help from hospital personnel.
Regardless of the procedural mechanism, low-income individuals are enrolling in Medicaid as a
response to wildfire-PM exposure. This highlights Medicaid enrollment as an important behavioral
response available to low-income adults that is likely mitigating the health damages associated with
wildfire-PM exposure.
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1.8 Tables and Figures

Figure 1.1: PUMA and county delineation

(a) PUMASs (N =2,336) (b) Counties (N = 3,006)
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Notes: PUMA delineation based on population estimates from the 2010 census (/eft). County delinieation
(right).

Figure 1.2: Annual average wildfire-PM by year
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Notes: Derived from daily wildfire-PM estimates estimated by |Childs et al.| (2022)).
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Table 1.1: Summary statistics for wildfire-PM, Medicaid enrollment, and respondent characteris-
tics

) (2) 3)
Full sample Medicaid-eligible Medicaid-eligible
(27-64) (MAGI) (ACS income)
Mean (SD) Mean (SD) Mean (SD)
Variables of interest
Medicaid enrollment 0.12 (0.32) 0.55 (0.50) 0.59 (0.49)
Wildfire-PM 0.40 (0.43) 0.39 (0.48) 0.39 (0.47)
Individual Characteristics
Age 47.71 (10.63) 45.64 (11.34) 46.37 (11.11)
Female 0.52 (0.50) 0.57 (0.49) 0.58 (0.49)
Foreign born 0.16 (0.36) 0.21 (0.41) 0.21 (0.41)
Citizen 0.93 (0.25) 0.88 (0.33) 0.88 (0.32)
Married 0.66 (0.48) 0.39 (0.49) 0.42 (0.49)
Parent 0.34 (0.47) 0.36 (0.48) 0.38 (0.48)
Unemployed 0.04 (0.19) 0.10 (0.29) 0.08 (0.28)
Not in LF 0.22 (0.42) 0.52 (0.50) 0.55 (0.50)
MAGI (% FPL) 325.44  (172.02) 80.48 (100.61) 88.32 (109.34)

ACS income (% FPL)  346.80  (158.89)  154.38  (137.86)  120.31  (117.59)
Race/Ethnicity

White 0.71 (0.45) 0.57 (0.50) 0.57 (0.49)
Black 0.10 (0.29) 0.14 (0.35) 0.15 (0.36)
Asian 0.06 (0.23) 0.07 (0.25) 0.06 (0.23)
Hispanic 0.13 (0.34) 0.21 (0.41) 0.21 (0.40)
Native/Indigenous 0.02 (0.14) 0.04 (0.19) 0.04 (0.20)
Other race 0.04 (0.20) 0.08 (0.27) 0.08 (0.27)
Education
Student 0.04 (0.20) 0.05 (0.23) 0.05 (0.21)
College 0.43 (0.50) 0.21 (0.41) 0.20 (0.40)
High School 0.47 (0.50) 0.55 (0.50) 0.55 (0.50)
No High School 0.10 (0.30) 0.24 (0.42) 0.25 (0.43)
Observations 9,831,427 1,342,904 1,086,394

Notes: Unweighted averages for the full sample of adults and medicaid-eligible adults where eligibility is estimated
using both MAGI and ACS income.
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Table 1.2: The effect of Wildfire-PM on health insurance enrollment

(a) Full sample

Any ESI! Medicaid
Wildfire-PM 0.003*** -0.000 0.004*
(0.000)  (0.000)  (0.000)

Mean dep. var. 0.866 0.649 0.125
Percent of mean 0.4 -0.0 35
Observations 9,831,427 9,831,427 9,831,427

(b) Conditioning on eligibility (using ACS income)

ESI' Medicaid
Wildfire-PM 0.001**  0.009**
(0.000)  (0.001)

Mean dep. var. 0.818 0.586
Percent of mean 0.2 1.5
Observations 5,831,170 1,086,394

(c) Conditioning on eligibility (using MAGI)?

ESI! Medicaid
Wildfire-PM 0.001***  0.010***
(0.000) (0.001)

Mean dep. var. 0.821 0.541
Percent of mean 0.1 1.8
Observations 5,785,980 1,342,904

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Clustered standard
errors at the PUMA level in parentheses. All regressions weighted
using individual ACS survey weights.

! Employer sponsored insurance. Sample includes individuals who
work full-time and are not eligible for Medicaid.

2 MAGI is estimated by following Heim and Lin/ (2017); |Soni et al.
(2017).
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Figure 1.3: Persistent and linear Medicaid enrollment responses
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Notes: (Left) Coefficients are from the distributed lag model estimated in equation|[T.2} The contemporaneous value,
one-year, two-year, and three-year lagged values are displayed. Confidence intervals estimated at the 95% and 99%
level. (Right) Results from a binned linear regression. Coefficients on each of the seven bins from equation [I.3]are
shown with 95% and 99% confidence intervals. Effects are relative to the omitted first quintile (0-0.1 zg/m?).
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Table 1.3: Heterogeneity in Medicaid enrollment responses by individual characteristics

() @)

Medicaid Medicaid

MAGI-eligible ACS income-eligible

Wildfire-PM 0.012*** 0.010***
(0.002) (0.002)

Age x Wildfire-PM -0.000* -0.000*
(0.000) (0.000)
Female x Wildfire-PM 0.001 0.000
(0.001) (0.001)

Income x Wildfire-PM -0.002** -0.004***
(0.001) (0.001)

Black x Wildfire-PM 0.009*** 0.007**
(0.002) (0.002)
Hispanic x Wildfire-PM -0.002 -0.001
(0.001) (0.002)
College x Wildfire-PM -0.002 0.000
(0.001) (0.001)
No High School x Wildfire-PM 0.002 0.000
(0.001) (0.001)
Married x Wildfire-PM -0.003* -0.003
(0.001) (0.002)
Unemployed x Wildfire-PM -0.002 -0.003
(0.002) (0.002)
Not in LF x Wildfire-PM -0.001 -0.000
(0.001) (0.001)

Observations 1,342,904 1,086,394

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Individuals in the sample are Medicaid
eligible adults. Clustered standard errors at the PUMA level in parentheses. All regressions
weighted using individual ACS survey weights.
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Table 1.4: Heterogeneity in Medicaid enrollment responses by local-area baseline conditions and
post-Affordable Care Act (ACA)

(1) @) 3)
Baseline Baseline  Expansion
take-up rate  wildfire-pm states
Wildfire-PM 0.012*** 0.013*** 0.010**
(0.001) (0.001) (0.003)
Baseline take-up x Wildfire-PM 0.008***
(0.002)
Baseline wildfire-PM x Wildfire-PM -0.002***
(0.000)
Expanded x Wildfire-PM 0.030**
(0.007)
Post2014 x Wildfire-PM -0.010*
(0.005)
Expanded x Post2014 0.020***
(0.006)
Expanded x Post2014 x Wildfire-PM -0.026™**
(0.008)
Observations 1,086,394 1,086,394 836,387

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Individuals in the sample are Medicaid eligible adults
where eligibility is approximated using ACS income. Clustered standard errors at the PUMA level
in parentheses. All regressions weighted using individual ACS survey weights. Baseline Medicaid
take-up is defined as the percent of Medicaid-eligible individuals that were enrolled in Medicaid in
2012 and is standardized to have a mean of zero and a standard deviation of one. Baseline wildfire-
PM is defined as the historical average wildfire-PM from 2006-2011 and is standardized to have a
mean of zero and a standard deviation of one.
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Figure 1.4: Heterogeneity in county-level mortality effects by baseline characteristics
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Notes: Coefficients are gathered from equation[I.6]and[I.7]and summed to estimate the total number of
deaths in each bin. The left panel labeled “Baseline” shows the average mortality rate for years falling
within each bin. The middle panel labeled “Low income rates” shows the same mortality rates for a one
standard deviation increase in baseline low income rates. The right panel labeled “Uninsured rates” shows
the same mortality rates for a one standard deviation increase in baseline uninsured rates.
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Figure 1.5: County-level mortality effects post-Medicaid expansion
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Notes: Coefficients are gathered from equation [1.8|and summed to estimate total mortality rates for each
bin estimated separately for expansion and non-expansion states after expansion.
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Chapter 2

Small-Scale Mining (Galamsey) and
Malaria: Impacts on Children in Ghana

Co-author: Jospeh Eshun

2.1 Introduction

Ghana is one of the top gold producers of the world and artisanal small-scale mines (ASMs)
contribute almost one third of the nation’s total gold production (Eduful et al., 2020). The term
ASM typically refers to a temporary, low-technology, and labor-intensive operation that is extract-
ing and processing minerals in areas less than 25 acres (McQuilken and Hilson, 2016)). These ASM
operations serve as a “means for survival” and an “engine for small business growth” in many com-
munities (Wilson et al., 2015)). However, the majority of ASMs in Ghana are operating informally
and are largely considered illegal. These informal ASM operations are locally coined galamsey, a
term derived from the phrase “gather them and sell”. In some cases, informal ASMs have a “social
license to operate” granted to them by local leaders (McQuilken and Hilson, [2016). However, the
legal ambiguity surrounding property and mineral rights creates friction between state and local
leadership surrounding ASM policy in Ghana (Abdulai, 2017).

Informal ASMs are a major source of economic support for millions of people in Ghana (Mc-
Quilken and Hilson, 2016) and a lucrative source of economic gains for the political, business and
local elite (Abdulai, 2017). However, some have noted that occupational hazards and limited in-
come growth associated with ASM employment can create a poverty trap for its workers (Hilson,
2012; Wilson et al., 2015). For example, epidemiological studies have documented elevated lev-
els of malaria, malnutrition, respiratory issues, and physical injury among ASM workers (e.g., see
Emmanuel et al., 2018 /Allan-Blitz et al., 2022)). Informal ASMs in Ghana also negatively impact
surrounding communities and the natural environment through mercury exposure, vegetation loss,
and soil degradation (Famiyeh et al., 2020; |[Rajaee et al.,[2015; Basu et al., 2015).

This study aims to establish a causal link between proximity to ASMs and malaria incidence
among children under 5 years of age in Ghana. We use a difference in differences (DiD) strategy
that takes advantage of the expansion of the ASM spatial footprint. For ASM expansion, we iden-
tify areas that have transitioned from far to near and compare those to areas that remain similarly
far. As the ASM footprint expands, we find that transitioned areas have higher malaria infection
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rates after the transition compared to non-transition areas by up to 30 percentage points. These
results highlight the health risks associated with ASM expansion and suggests the need for targeted
interventions to reduce malaria transmission in mining-adjacent communities.

There are epidemiological studies that document a high burden of malaria in ASM communities
in Ghana (e.g.,|Dao et al., 2021; Asante et al., [2011) as well as other countries all over the world
(e.g., see/Schwartz et al., 2021). However, these communities often have high malaria transmission
even before mining begins (Dery et al., 2015). To the best of our knowledge, only two studies
have shown evidence of a causal link between ASMs and malaria and they show this in other
parts of the world. Rozo (2020) finds that illegal ASMs increase malaria prevalence in Colombian
municipalities using preexisting geochemical anomalies as an instrumental variable for illegal gold
mining. Specifically, the annual parasite index for malaria increases by 1.04 cases per 100,000
inhabitants for every additional hectare of illegal gold mining. |Pagel| (2022) exploits a major policy
shift which encouraged the creation of new ASMs in the Philippines. The author uses a difference-
in-differences strategy to show that after the policy change, provinces with gold deposits had 32%
more malaria cases relative to provinces without gold deposits. These effects persisted for many
years after the policy change.

The two mechanisms discussed in this literature are the uncovered pits and the transitory work-
force. As miners relocate, they often leave the excavation pits uncovered which creates an ideal
breeding ground for mosquitoes. This could plausibly increase malaria transmission in nearby
communities. The transitory workforce can also increase malaria transmission. For example, pre-
viously uninfected migrants who do not have the protective antigens move into malaria endemic
areas to work in the mines. These newly infected workers could propagate the disease locally
and beyond as they migrate to other parts of the country. A couple of studies have shown that
malaria incidence increased for Brazilian miners returning home after working in ASMs abroad
(da Cruz Franco et al.,[2019; /Arisco et al.,[2021)). In Ghana, a significant portion of the ASM labor
force will migrate from one mine to another (Nyame and Grant, |2014). These transitory workers
are made up of both domestic and foreign migrants with most of the foreign migrant workers com-
ing from China (Crawford and Botchwey, |2017). However, both Rozo (2020) and Pagel| (2022])
show evidence that the uncovered excavation pits are the main mechanism and not work-related
migration. Furthermore, a recent survey of people from mining communities in Ghana showed that
62% of respondents perceived the uncovered mining pits as the main driver of increased malaria
(Quarm et al., 2022)).

Our study focuses on children in Ghana because Ghana is a global leader in ASM gold pro-
duction (Eduful et al., [2020)) and malaria is a significant public health concern. Ghana and other
Sub-Saharan countries bear a disproportionately large burden of malaria cases and deaths. In 2022,
a few Sub-Saharan countries accounted for about 94% of global malaria cases and 95% of global
malaria deaths (World Health Organization, |2023). That is an estimated 230 million cases and
more than a half million deaths in the region alone. Furthermore, out of all malaria-related deaths,
78% are estimated to occur in children under five years old (World Health Organization, 2023)).
Children are particularly vulnerable to malaria infections and those who manage to survive early-
life infections will likely experience adverse health outcomes in adulthood (Hong, 2013 |Chang
et all, 2014; |Chen et al., 2024). Ghana is an important setting to investigate the causal relationship
between ASMs and malaria because these are critical concerns for the country.

We provide causal evidence on the relationship between ASM activity and malaria incidence
in Ghana. We link spatial footprints of ASM activity from the [Center for Remote Sensing and
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Geographic Information Services (CERSGIS) (2024) to surveys from The Demographic and Health
Survey (DHS) (2024) Program. In our main results, we use the survey sampling clusters in waves
2016 and 2019. One major challenge with using DHS surveys is that combining these two waves
gives us a repeated cross-section, not a panel, of geographic survey clusters. Therefore, to avoid
relying on a naive comparison of clusters that are near versus far from the footprint, we focus
on ASM activity that is expanding to new areas. During this period, we identify clusters that
transitioned in proximity (i.e., were initially far in 2016 but became near) and clusters that did
not (i.e., remained far between 2016-2019). Our treatment group is made up of transition clusters
before transition in 2016 and after transition in 2019. Our control group is made up of non-transition
clusters (i.e., clusters that remained far between 2016-2019). We use these groups of clusters to
estimate the mining-malaria relationship using a 2x2 difference in differences (DiD) approach.
We assume that the baseline differences between transition and non-transition clusters in 2016
accurately capture important unobservable characteristics that may confound our 2019 differences.

We find that areas newly exposed to ASM expansion exhibit large increases in malaria preva-
lence among children. Estimates range from 12 to 30 percentage point increases, with our preferred
specification suggesting a 20 percentage point increase. These results are robust to alternate spec-
ifications. We show that areas near ASM activity had little access to the 2019 malaria vaccine.
We also show some evidence suggesting possible significant decreases in malaria after remediat-
ing lands degraded by mining activity. Overall, the results from our study highlight the need for
targeted interventions to mitigate disease transmission in mining-adjacent communities.

2.2 Data and Background

2.2.1 Artisanal Small-Scale Mine (ASM) Footprints

Annual spatial footprints of ASM activity in Southern Ghana was provided by the |Center for
Remote Sensing and Geographic Information Services (CERSGIS) (2024). This organization is
housed at the University of Ghana and provides a wide range of GIS and remote sensing services
to decision-makers and planners. They are supported by USAID and NASA as part of the SERVIR
West Africa Program. They use deep learning techniques on high-resolution satellite imagery to
identify ASM activity. They integrate expert-generated ancillary data to ensure accuracy and us-
ability of the classification results (Asare and Adjei-Sah, 2024). The resulting footprints have a
resolution of 4.77 meters, allowing us to calculate precise distances from each survey cluster to the
nearest footprint pixel.

The CERSGIS study area is focused on the forested southwestern regions of Ghana shown in
Figure CERSGIS data does not identify ASMs in the North despite known activity in this area
(McQuilken and Hilson, 2016). Panel (a) shows the entire country of Ghana with our focus area
shaded in dark blue and the extent of the ASM footprint outlined by the black rectangle. Figures
and show the ASM footprint in 2016, 2019, and 2022. Figure [2.2c shows the changes in
ASM activity from 2016 to 2019. Notice there are more areas expanding into ASM activity than
contracting. Figure [B.5c shows the changes in ASM activity from 2019 to 2022. Notice there are
more areas contracting from ASM activity and less areas expanding compared to the period 2019-
2022. This is consistent with other sources showing a decrease in overall gold production in 2020
and 2021(Adrany1 et al., 2024; The Ghana Chamber of Mines, 2021)).
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Figure 2.1: Map of Ghana and Southern Ghana. Our study area is focused on Southern Ghana
which is largely covered by the ASM footprint data.

2.2.2 Survey data

We use detailed survey data from the 2016 and 2019 Ghana Malaria Indicator Survey (GMIS)
which is collected by the Ghana Statistical Service in collaboration with the Demographic and
Health Survey (DHS) Program. During the survey sampling procedure, the country is divided into
survey regions based on existing administrative units. Enumeration areas, or survey clusters, are
randomly and independently sampled in each survey year. These clusters typically contain 100-
300 households of which 25-30 are randomly selected for the survey. The household questionnaire
gathers basic information about the members of the household and the physical dwelling. Young
women aged 15-49 are selected for more detailed interviews and information is gathered on their
children. Children under the age of five years old are tested for malaria.

Both surveys collect two biomarkers for malaria infection: microscopy and rapid diagnostic
tests (RDTs). Microscopy is the standard test for malaria diagnosis and serves as our outcome in
our preferred specification. This requires a microscopic examination of a blood sample to visually
identify the presence of the malaria-causing parasite. RDTs use an absorbing strip that changes
color to indicate the presence of malaria antigens. Unlike microscopy tests, RDTs do not require a
skilled technician and the results are available in less than half an hour. However, RDTs identify the
presence of malaria antigens and not the parasite itself. Therefore, individuals who have recently
been cleared of the infection may test positive (The DHS Program), [2014). We report separate
estimates for microscopy and RDT outcomes as a robustness check.

The DHS provides geographic information on survey clusters but masks the true locations. We
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Figure 2.2: ASM spatial footprint data from the Centre for Remote Sensing and Geographic Infor-
mation Services (CERSGIS). We have reduced the resolution of this data for this figure to enhance
visibility.

observe the centroid of the cluster from which households are sampled. However, centroids are
spatially displaced according to a custom statistical algorithm that generates a random displacement
(Burgert et all, 2013). For urban clusters, centroids are randomly displaced by up to 2 km. For
rural clusters, centroids are randomly displaced by up to 5 km. In 1% of rural clusters, the random
displacement can go up to 10 km. Our analysis relies only on urban clusters because of the smaller
spatial displacement. We use the coordinates of the displaced centroids to calculate the distance
from each survey cluster to the ASM footprint.

2.3 Empirical Strategy

ASMs in Ghana are typically located in impoverished areas that lack alternatives
2015} [Wilson et al., 2015). These areas often have high malaria transmission even before mining
begins (Dery et al,2015)). A regression comparing malaria incidence in areas near ASMs to areas
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far away would be biased by unobservable characteristics that are related to ASMs and malaria
prevalence. Instead, we use a difference-in-differences (DiD) strategy to estimate the effect of
ASM expansion on malaria incidence.

For our main results, we use a DiD strategy that compares malaria incidence in areas that tran-
sition to being near to ASM activity and areas that remain far from ASM activity before and after
an expansion of the ASM footprint. Figure shows that ASM activity increased in many areas
between the years 2016 and 2019. We use these ASM footprint expansions to identify clusters that
transition to being near the ASM footprint and compare them to clusters that remain far during this
time period. We use various thresholds to define what is near and far from the ASM footprint rang-
ing from one to six kilometers. The general consensus is that mosquitoes typically do not travel past
five kilometers (Huestis et al., 2019) and most remain within two kilometers from their breeding
site (Takken et al., 2024)). Therefore, we use a two kilometer threshold for defining near and far in
our preferred specification and show supporting results that relax this constraint.

The sample in our preferred specification is made up of children in survey clusters that are
greater than 2 km from the ASM footprint in the year 2016. Our first difference comes from 2019
clusters that are currently less than 2 km from the ASM footprint (i.e., transition) and 2019 clusters
that are currently greater than 2 km from the ASM footprint (i.e., non-transition). Our baseline
difference in malaria incidence comes from 2016 clusters that will remain 2 km from the ASM
footprint until 2019 (i.e., non-transition) and 2016 clusters that will be less than 2 km from the
ASM footprint at some point between 2017 and 2019 (i.e., transition). We apply an additional
restriction on maximum distance to ensure that the non-transition clusters begin similarly far from
the ASM footprint in 2016 relative to transition clusters. In other words, we find the transition
cluster with the greatest cluster-to-ASM distance in 2016 and only include non-transition clusters
that are within that distance in 2016. We assume that this baseline difference in malaria incidence,
controlling for observables, is an accurate representation of unobserved differences in clusters that
tend to transition to be near the ASM footprint in 2019. Our setup is summarized in table

Group 2016 survey clusters 2019 survey clusters
Transition (treated) Clusters will be near in the future | Clusters were far and now near
Non-transition (control) Clusters will always be far* Clusters remain far*

Table 2.1: Simplified setup for DiD estimator for ASM footprint expansion. (*)We constrain the
maximum distance to ensure all clusters begin similarly far. We find the transition cluster with the
farthest distance in 2016 (roughly 11 km) and only use clusters that are within that distance.

We run the following regression to estimate the effect of ASM expansion on malaria incidence:

Malaria;.; = 6, Transition, + 6;Post; + 05(Transition,. x Post;) + X!, + € 2.1)

Here, Malaria,;; is equal to one if child ¢ in cluster ¢ in survey year ¢ has malaria and zero
otherwise. We use RDTs and microscopy tests for malaria outcomes, separately. Transition, is
equal to 1 if cluster c transitioned in proximity at some point because of the expansion of the ASM
footprint. The coefficient 6; will give us the difference in malaria outcomes between transition
and non-transition clusters before ASM expansion. Post; is equal to 1 for the 2019 survey wave.
Xt 18 a vector of controls including household wealth, mother’s education level, historical malaria
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prevalence at the survey cluster, and historical number of wet days at the survey cluster. Historical
malaria prevalence and number of wet days (i.e., number of days per month receiving >0.1 mm
precipitation) come from the DHS Geospatial Covariate Datasets (Mayala et al., 2022). We use
multiple years (2000, 2005, 2015) to construct a historical average for each survey cluster. In ad-
dition to heteroskedasticity-robust clustered standard errors we construct wild cluster bootstrapped
confidence intervals at the 90% level because there may be significant variation in the number of ob-
servations per cluster. MacKinnon and Webb (2017) shows that the wild cluster bootstrap method
performs better than the cluster robust variance estimator in cases of wildly different cluster sizes.

The DiD estimator 65 gives the effect that ASMs have on malaria incidence in adjacent commu-
nities. Our DiD estimator is a causal estimate assuming that the difference between transition and
non-transition clusters in the base year accurately captures important unobservable characteristics
between transition and non-transition clusters in the treated year.

We also randomly displace the survey clusters 20 times using the DHS algorithm in |Burgert
et all (2013). We run twenty-one regressions in a simulation-based robustness check. This helps
us assess the stability of our distance-based estimates given the uncertainty introduced by the DHS
random displacement. Since we do not observe the true location, we instead characterize a neigh-
borhood of plausible locations. Our method provides a range of plausible estimates, which serves
as a form of partial identification in the presence of spatial measurement error.

2.4 Results

Our main results show evidence that ASM expansion leads to higher malaria rates using a causal
inference method. Tables[2.2|and[2.3|show that transition clusters experience large increases in the
probability of malaria infection by about 20 percentage points after ASM expansion relative to
non-transition clusters. The first two columns show similar estimates when we do not use DHS
survey weights and when we remove all controls. The average malaria prevalence among children
in our preferred specification is about 8%. This suggests that ASM expansion can result in malaria
prevalence increasing from 8% to 28% in some areas.

Figures and show the DHS-displaced estimates for alternative thresholds for mi-
croscopy and RDT test results, respectively. Our estimates using microscopy results decrease
slightly as we increase the proximity threshold for the originally displaced clusters. The coeffi-
cients when using thresholds greater than 2 km range from 12 to 17 percentage points. However,
the estimates using RDT results range from 16 to 22 as we increase the proximity threshold. These
generally higher estimates are consistent with a higher baseline incidence due to the test specif-
ically detecting antigens. Note that there are insufficient observations for a regression using a 1
km threshold. This is because of our strict definition of what we consider to be a transition and
non-transition cluster.

Figure [2.3b shows that our estimates are consistent even when they are randomly displaced.
Note that our strict definition of transition and non-transition sometimes leave us with insufficient
observations which is why we cannot estimate some regressions. Figure shows the average
number of clusters in each of the four DiD groups shown in Table across different simulated
displacements. We see that few clusters meet our requirements to be considered a transition cluster.
We also drop any results where only one cluster makes up any of the four DiD groups (see Table
for a visual representation). We find that ASM expansion (i.e., clusters that were initially far
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from the ASM footprint becoming near) leads to significant increases in malaria infections among
children under five years old. Increases in the probability of contracting the disease are as high as
30 percentage points but seem to bunch around 20 percentage points.

2.5 Discussion

2.5.1 The 2022 Standard DHS

The Standard 2022 DHS has a much wider reach than the 2016 and 2019 GMIS. Both surveys
collect malaria biomarkers but the Standard DHS 1is a longer survey that samples more survey
clusters. We attempt to use the 2019 GMIS and the 2022 Standard DHS to look at the effect of
ASM expansion during the 2019-2022 period.

Figures and show that insufficient observations for the 2019-2022 period prevent us
from estimating many regressions. Recall that we use a strict definition to consider transition and
non-transition clusters. The few results we do have show no discernible relationship between ASM
expansion and malaria incidence during this period. This could be because there is much less ASM
expansion between the 2019-2022 period relative to the 2016-2019 period (see Figure [B.3)). This
is consistent with other sources showing a decrease in overall gold production during 2020 and
2021(Adranyi et al., 2024; The Ghana Chamber of Mines|, 2021)).

Table 2.2: The effect of ASM expansion on malaria incidence (microscopy)

(1) () 3)
Unweighted and Unweighted Preferred
no controls with controls specification

Transition X Post 0.261* 0.243 0.204*

(0.11) (0.12) (0.10)
Wild cluster bootstrap CI  [.04122, .5367] [—.001944, .6268] [.007934, .5268]
Mean dep. var. 0.089 0.089 0.076
Survey weights X
Controls X X
Observations 438 438 438

Notes: * p <0.05, ** p <0.01. Heteroskedasticity-robust standard errors in parenthe-
ses. Wild cluster bootstrapped (90%) confidence intervals are reported in the bottom of
the table. Controls include historical malaria prevalence, historical rainfall, household
wealth, and mother’s education. Our preferred specification uses DHS survey weights.
Malaria incidence comes from microscopy results.
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Figure 2.3: The effect of ASM expansion on malaria incidence (microscopy) for different proxim-
ity thresholds and simulated displacements for the 2016-2019 period. Proximity thresholds on the
x-axis represent what distance is considered to be near and far. DHS-displaced estimates (left) use
the original geographic coordinates from the DHS survey and are reported with 90% confidence
intervals (using wild cluster bootstrap). Simulation-displaced estimates (right) report multiple re-
gressions that randomly displace survey clusters according to the DHS algorithm. Larger and darker
points represent higher statistical significance. Arrows are pointing to the DHS-displaced estimate.
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Coefficient estimate

Table 2.3: The effect of ASM expansion on malaria incidence (RDT)

(D 2) 3)
Unweighted and ~ Unweighted Preferred
no controls with controls specification

Transition X Post 0.226* 0.223* 0.218**

(0.10) (0.09) (0.08)
Wild cluster bootstrap CI  [.02854, .4417] [.04126, .4211] [.04205, .4207]
Mean dep. var. 0.098 0.098 0.088
Survey weights X
Controls X X
Observations 438 438 438

Notes: * p <0.05, ™ p <0.01. Heteroskedasticity-robust standard errors in paren-
theses. Wild cluster bootstrapped (90%) confidence intervals are reported in the
bottom of the table. Controls include historical malaria prevalence, historical rain-
fall, household wealth, and mother’s education. Our preferred specification uses
DHS survey weights. Malaria incidence comes from RDT results.
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Figure 2.4: The effect of ASM expansion on malaria incidence (RDT) for different proximity
thresholds and simulated displacements for the 2016-2019 period. DHS-displaced estimates use
the original geographic coordinates from the DHS survey. Simulation-displaced estimates repeat
regressions that displace survey clusters according to the DHS algorithm. Proximity thresholds
on the x-axis represent what distance is considered to be near and far. Arrows are pointing to the
DHS-displaced estimate.



2.5.2 ASM contraction

We are also interested in estimating the effects of ASM contraction on malaria incidence. ASM
contraction occurs when an area no longer has observable characteristics that resemble current
or former ASM activity. ASM footprints (see Figure and anecdotal evidence suggest that
contractions, particularly between 2019-2022 are due to increased efforts to restore degraded land
and waterways (Modern Ghana, [2017; |Citi Newsroom, 2021; MyJoyOnline, 2021)).

For the contraction of the ASM footprint, our approach is analogous to the expansion method
used for the main results. Our sample is made up of children in survey clusters that are within 2
km of the footprint in the base year. We use contractions in the ASM footprint to identify clusters
that transition to being farther away. We then compare malaria incidence to non-transition clusters
that remain near for the entire period. If there is a direct relationship between ASM contraction and
malaria incidence, we would expect our estimates to be negative.

We find some weak evidence that ASM contraction (i.e., clusters that were initially near to the
ASM footprint become far) leads to lower malaria rates. The estimates for the 2016-2019 period
are shown in Figures and and estimates for the 2019-2022 period are shown in Figures
2.3 and 2.6l Recall that our strict definition of transition and non-transition clusters sometimes
results in insufficient observations. In these cases, the regressions cannot be estimated because not
enough clusters meet our criteria. Only one out of six regressions could be estimated for 2016-2019
and three out of six could be estimated for 2019-2022. However, our simulation-based regressions
allow us to estimate five out of six regressions for 2016-2019 and all six could be estimated for
2019-2022. The result is a range of plausible estimates suggesting that ASM contraction (i.e.,
remediating mining-damaged lands) could offset a significant portion of the increase in malaria
incidence after ASM expansion. The results for the 2016-2019 period are inconclusive. A handful
of'the 2019-2022 estimates are significantly negative ranging from about 10 to 30 percentage points
with a few outliers. However, more evidence is needed to fully understand the relationship between
remediation and malaria control.

2.5.3 Malaria Vaccine

Since 2019, Ghana, Malawi, and Kenya have delivered 2 million doses of the world’s first
malaria vaccine to children in select areas through the Malaria Vaccine Implementation Program
(MVIP) recommended by the World Health Organization (WHO) (World Health Organization,
2024). In Ghana, the malaria vaccine was introduced in seven regions. These were Brong Ahafo,
Central, Volta, Upper East region. The selection criteria favored regions with a rural/urban mix,
a high malaria burden, and a significant number of children under five years old. Within those
seven regions, 42 districts were targeted by the pilot program (Adjei et al., 2023). In Figure
we show the districts that were targeted by the vaccination program and overlay the 2019 DHS
survey clusters in Southern Ghana. The districts that were chosen tend to be far from the ASM
footprint. None of the 12 clusters that are within 2 km of the ASM footprint within a district that
was targeted by the vaccine. In 2022, 8 out of 44 districts within 2 km of the ASM footprint were
in a district that received the vaccine. Future vaccine distributions could mitigate the burden of
malaria in mining-adjacent communities if access is expanded to these areas.
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Figure 2.5: The effect of ASM contraction on malaria incidence (microscopy) for different proxim-
ity thresholds and simulated displacements for the 2019-2022 period. Proximity thresholds on the
x-axis represent what distance is considered to be near and far. DHS-displaced estimates (left) use
the original geographic coordinates from the DHS survey and are reported with 90% confidence
intervals (using wild cluster bootstrap). Simulation-displaced estimates (right) report multiple re-
gressions that randomly displace survey clusters according to the DHS algorithm. Larger and darker
points represent higher statistical significance. Arrows are pointing to the DHS-displaced estimate.
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Figure 2.6: The effect of ASM contraction on malaria incidence (RDT) for different proximity
thresholds and simulated displacements for the 2019-2022 period. Proximity thresholds on the x-
axis represent what distance is considered to be near and far. DHS-displaced estimates (left) use
the original geographic coordinates from the DHS survey and are reported with 90% confidence
intervals (using wild cluster bootstrap). Simulation-displaced estimates (right) report multiple re-
gressions that randomly displace survey clusters according to the DHS algorithm. Larger and darker
points represent higher statistical significance. Arrows are pointing to the DHS-displaced estimate.
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Figure 2.7: Districts targeted by the 2019 Malaria Vaccination Implementation Program (MVIP)
and 2019 DHS survey clusters. Red districts receive the vaccine in 2019 and other districts do not.
Triangles represent survey clusters that are within 2 km of the ASM footprint.
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2.6 Conclusion

We provide causal evidence that informal ASMs are increasing malaria incidence in children.
We leverage expansions in the ASM footprint and a DiD approach to estimate the increase in
malaria in areas that were newly exposed to areas that have never been exposed, before and after
ASM expansion. There is evidence that the formal, large-scale mining sector in Ghana leads to
economic growth, reduced infant mortality, and female empowerment (Benshaul-Tolonen, 2019,
2024). Informal ASMs, though smaller, are known to be highly costly in terms of the natural en-
vironment and public health. There are millions of people depending on this informal work for
economic sustenance at direct risk to their health. In response to this complex issue, some have
called for the formalization of Ghana’s ASM sector to increase labor standards and decrease envi-
ronmental impact (McQuilken and Hilson, 2016; Bansah, 2023; Kumah, |2022; Hilson et al., 2017).
However, as |Pagel| (2022) shows, increases in malaria prevalence can also occur in a formalized
ASM sector if safeguards are not intentionally put in place.

Efforts to formalize the ASM sector in Ghana should be coupled with efforts to mitigate malaria
impacts. For example, future vaccine distribution programs should consider areas in proximity to
ASM activity as an elevated priority. Moreover, reclaiming mining wastelands and filling excava-
tion pits are important actions to continue.
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Chapter 3

Satellite Imagery Reveals Differing
Pathways to Adaptation to a Global Shock

Co-authors: John Lynham, Giulio A. De Leo, and Juan Carlos Villasenor-Derbez

3.1 Introduction

Constrained or enabled by local conditions and external influences, communities, institutions,
and nations may take different actions in response to unexpected shocks, which in turn may influ-
ence the pathways to recovery (Johnstone and Schot, 2023). Each pathway, and their integration
within portfolios of actions in response to the shock, is associated with certain benefits, impacts
and risks, and may constrain or facilitate the ability to respond to other future shocks. Much of the
literature on adaptation in social systems has tended to focus on local-scale shocks and communi-
ties that are intimately connected to, and largely dependent upon, natural systems such as farmers,
herders, and fishers |Cinner et al.| (2019); |Casar1 and Tagliapietra (2018); Findlater et al.| (2022). In
this work, we identify and explore global scale adaptation pathways to the COVID-19 pandemic
shock, hopefully shedding light on how nations can adapt to future climate [Taberna et al.|(2023)),
health |Chen et al.| (2018)), economic Coronese et al.| (2019); Johnstone and Schot (2023), social
Ramos et al.| (2019), and conflict Schleussner et al. (2016) shocks .

The COVID-19 pandemic provides a unique opportunity to explore how nations were impacted
by, responded to, and recovered from a near-global, near-simultaneous shock. However, cross-
country comparisons of adaptation strategies to the COVID-19 pandemic are impaired by the lack
of homogeneous information, as data on infection rates, hospitalizations, mortality, and economic
activity were not collected in a consistent manner across countries |Lau et al.[(2021) and, in some
cases, severely under-reported, when not deliberately manipulated Karlinsky and Kobak! (2021).
For example, compare and contrast epidemiological data from two neighboring countries, Tanzania
and Kenya. Tanzania (whose late president, John Magufuli, was an outspoken COVID-19 skeptic)
has a slightly larger population than Kenya (66 vs 54 millions, respectively) but reported eight times
fewer COVID-19 cases (42,906 vs 342,937) and nearly seven times fewer deaths (846 vs 5,688)
than Kenya in spite of similar population densities, economies, climatic conditions and Global
Health Security Index |(Cameron et al. (2019). Likewise, the US state of California, home to ca.
39 million inhabitants, reported more total deaths from COVID-19 than the People’s Republic of
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China with a population of 1.4 billion. Statistics on economic activity, such as GDP, are also
susceptible to misreporting bias [Marx and Rogers| (2017); Martinez| (2022); Briviba et al.| (2024))
and are typically only available on an annual time-scale (Chi et al. (2022).

To overcome the limitations of conventional data to understand the impact of COVID-19, we
used satellite imagery of nighttime lights (NTLs) to quantify and categorize country-level responses
and recovery pathways. NTL data are independently measured, are available at a fine temporal
scale, and are known to be correlated with on-the-ground human activity (both across space and
time). NTLs are often used as a proxy for economic activity: for instance, Henderson et al.| (2012)
developed a statistical framework to use NTLs to estimate income growth at the national and sub-
national level and Mellander et al.|(2015) found that the correlation between NTLs and economic
activity in Sweden is strong enough to make it a good proxy for population and establishment den-
sity. In a more recent example, Martinez (2022) shows that NTLs are strongly correlated with
on-the-ground economic activity and this relationship can be used to prove that autocracies, on
average, overstate yearly GDP growth by 35%. Mirza et al. (2021) found a significant relationship
between a nighttime lights-based inequality indicator and existing estimates of net income inequal-
ity; this correlation between light-based and traditional income estimates exists not only across
countries, but also on a smaller spatial scale comparing the 50 states within the United States.

A number of studies have used NTL to investigate single large-scale events such as natural
disasters or civil unrest. For example, the curfew imposed by the Egyptian government on Cairo
neighborhoods in response to terrorist attacks and widespread protests led to a drop in NTLs in
late-2016 and early-2017 (HRW, 2016; Deasy, 2016). Nighttime lights have been used to measure
the impacts of events ranging from Hurricanes Katrina |Qiang et al.[(2020) and Maria Roman et al.
(2019) to earthquakes in Nepal and Chile Fan et al.| (2019).

Here we found that the COVID-19 pandemic also had a dramatic affect on NTLs in many parts
of the world, akin to a major natural disaster or armed conflict. As a preview of our main results, we
show in Figure[3.1]that a drop in NTLs was clearly detectable in a selection of large cities such as
Tokyo, Los Angeles, and Cairo. Each panel in the figure shows the change in NTL from the same
quarter in the previous year. In the second quarter of 2020 (April-June), Cairo, LA, and Tokyo are
noticeably darker compared to the same time period in 2019. In fact, we find that the majority of
countries experienced a dramatic impact on human activity during the COVID-19 pandemic that
was visible from space. 77% of countries (approx. 86% of the world’s population) experienced
a reduction in NTLs during the pandemic unlike anything else they experienced during the period
2014-2019 (Figure[C.1).

Here, we used country-level NTLs and regression techniques to calculate measures of impact
and recovery for 170 countries. Specifically, for each country we used pre-pandemic NTL data to
project NTL trajectories as if the pandemic had never happened. The projected trends in NTLs were
then used as baseline to identify different adaptation pathways to the COVID-19 pandemic. We
then explored correlational relationships between the drop in NTLs and strategic policy responses
across geographical regions and income levels.

Other studies have used NTLs to gauge the impacts of the pandemic and consistently observed
reductions in NTL luminosity during pandemic periods Elvidge et al.| (2020); |Beyer et al. (2021));
Dasgupta (2022); Alahmadi et al. (2021); Roberts (2021); Shi et al. (2023)); Stokes and Roman
(2022); Beyer et al.| (2023)); [Zhang et al. (2022); Xu et al|(2021); Khan et al.| (2022). However,
our study is the first global-level cross-country comparison contextualizing NTL patterns within
the framework of adaptation and resiliency, i.e., the stringency of lockdown policies and the extent
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Q1 2020

Figure 3.1: This figure shows impacts on nighttime lights in select cities. Darker colors (purple
and blue) indicate darkening relative to the same quarter in the previous year. Lighter colors (green
and yellow) indicate brightening relative to the same quarter in the previous year.

of testing, tracing, and vaccination.

We found that high-income and most European countries experienced the largest immediate
reductions in NTLs whereas low-income and many African countries showed the smallest imme-
diate responses. We also found that the immediate reduction in NTLs across regions and income
groups was best explained by the stringency of lockdown policies. On the contrary, health-related
policy measures, such as increased testing and contact tracing, were significantly correlated with
smaller negative impacts over the long-term.

3.2 Data and Methods

3.2.1 Nighttime lights

Nighttime lights data come from the monthly cloud-free composites collected by the NASA/NOAA
Suomi National Polar-orbiting Partnership (SNPP) Visible Infrared Imaging Radiometer Suite (VI-
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IRS) day-night band (DNB) and processed by the Earth Observation Group (EOG), based at the
Colorado School of Mines in the USA. The monthly composites are averaged nightly pixel values
that are free of sunlight, moonlight, and clouds (Elvidge et al., 2021). The EOG also provides an-
nual masks which zero out noisy background pixels and pixels with low luminosity values (Elvidge
etall,2021). We apply the 2021 EOG V.2 mask to all months from 2021 to 2023 because the EOG
does not yet provide V.2 masks after 2021. Furthermore, the data we use has undergone a correction
for stray-light which allows for more data coverage toward the poles by extrapolating the pixels
most affected by stray-light (Mills et al., 2013). After this initial processing, we sum the monthly
values across all pixels within each country to calculate country-level total monthly luminosity.
Then, we average the monthly values for each quarter to obtain quarterly NTL values.

3.2.2 Counterfactual trend, impacts, and recovery

We fit a linear regression to quarterly NTL while accounting for satellite sensor calibrations
in Q1 2017 Beyer et al.| (2022)), seasonality in NTL levels, and potential pandemic impacts. Our
goal was to quantify the immediate, first-year, and overall impacts on NTL luminosity during the
pandemic. Equation [3.1| shows our main regression model. All regressions included quarter-of-
year fixed effects to account for seasonality (coefficient )\,) and weights for the average number
of cloud-free days in each quarter. Therefore, we put less weight on quarters with more cloudy
days. We used a dummy variable pre2017, set to 1 for all quarters before the year 2017 (the year of
the sensor recalibration). We included the interaction between this dummy variable and time trend
t to control for sensor calibrations in Q1 2017 (aw;) and allow for this calibration to change the
underlying linear time trend («s;). The dummy variable covid was set to 1 for all quarters in 2020
and allowed us to estimate the pandemic’s initial shock (3;). We included the interaction between
this dummy variable with the time trend ¢ to estimate the change in the linear time trend during the
first year of the pandemic (5;). The dummy variable vaccine was set to 1 for all quarters after the
introduction of vaccines (2021 and onward). We used this dummy to estimate immediate (y;;) and
changes in the linear (;) time trend after the development of the vaccine starting in Q1 2021.

The counterfactual values ¢;; were estimated by removing the pandemic effects Bu, Bgi, Ni»
and »; estimated by equation This left only the long-term linear time trend &;, and seasonal
effects 5\(1, while controlling for sensor calibration effects beginning in 2017 (&»; and &r3;). Equation
shows how we estimated the counterfactual values using the parameters &y;, ao;, 34, and 5\q
from Equation

Impacts were then calculated as follows. Immediate impact for country ¢ was estimated by
the coefficient [3; in equation |3.1] in other words, the change in intercept due to the onset of the
pandemic. First-year impact was the sum of the impacts (;; — y;) for the four quarters of 2020.
Overall impact was the sum of the impacts (y;; — ;) from Q1 2020 to Q3 2023. See Figure (3.2
for a more visual explanation of these calculations.

Y = ot + ag; recalibration, + as; (recalibration, X t) + (y; covid; + o, (covid, x t)

+ 715 vaceine; + 7; (vaccine, X t) + A, + ¢; (3.1)

05 = uit + Gy pre2017, + ds; (pre2017, x t) + A, (3.2)
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(a) Pandemic impact on NTL in Kenya
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Figure 3.2: An example of how impacts are calculated for Kenya. Blue points are the observed
values from the NTL data. The solid line shows the fitted values estimated by equation The
dashed line shows the counterfactual values estimated by equation[3.2] i.e., the projected NTL trend
as if the COVID-19 pandemic never occurred. Purple lines are the estimated immediate impact in
the first quarter of the pandemic estimated by 3.1} Red error bars indicate negative impacts and the
blue error bars indicate non-negative impacts on NTLs. Quarter 2 in 2018 was an obvious outlier
for Kenya, likely due to heavy flooding that displaced nearly 300,000 people (this also explains
why Kenya is one of a small number of countries to have previously experienced an NTL shock
larger than the pandemic shock).
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3.2.3 Policy responses and impact measures

We investigated how country-level policy responses correlate with variation in impacts across
geographical regions and income groups. First, we estimate Equation |3.3| for World Bank income
groups and Equation [3.4] for geographical regions. The outcome variable Y; is one of three country-
level impact measures defined in the previous section that capture income and recovery of NTLs
(immediate, first-year, and overall). The estimated coefficients give us the average country-level
impact on NTLs within each income group and geographical location. These serve as our baseline
estimates. Then, we sequentially add controls for policy responses (health and lockdown) to see
how they change the baseline estimates. All policy response indices are the average daily value
during the relevant “policy” time period. For immediate impact, the relevant policy period is the
first quarter of 2020. For first-year impact, the relevant policy period is the entire year of 2020. For
overall impact, the policy period is 2021 since many countries had returned to normalcy by 2022.
Our policy variables come from the Oxford COVID-19 Government Response Tracker (OxGRT)
which provides information on pandemic response measures (Hale et al., 2021). They use this in-
formation to construct indices with larger values indicating larger responses. Lockdown stringency
is provided directly by OxGRT which they refer to as the stringency index. The health policy index
is constructed using OxGRT methods and data(Hale et al., 2021)).

Y; = d;high, + o upper-middle, + J5 lower-middle; + 4 low; + p; (3.3)
Y; = 0,Europe; + 0, Americas; + 05 Asia; + 0, Africa; + 04 Oceania; + v; (3.4)

3.2.4 GDP Comparisons

We measured impacts on annual GDP using the same technique we used for quarterly NTL.
Because there is a lag in the release of national GDP statistics, we restrict the sample period to
run from 2014 to 2021. Note that when we compare results obtained using annual GDP to those
obtained using quarterly NTL we also restrict the quarterly NTL dataset to the time period 2014-
2021.

3.3 Results

We first fit a Weighted Least Squares regression model (Equation to quarterly NTL val-
ues for each country individually, while accounting for cloud cover, satellite sensor re-calibrations
in Q1 2017 (Beyer et al., 2022), quarterly seasonal effects, and changes in post-pandemic trends.
Then, we estimated counterfactual values by removing the pandemic effects on NTL trends from
Equation The resulting counterfactual values are essentially a continuation of pre-pandemic
trends estimated using Equation Figure illustrates how we fit our regression model and
calculate impacts for the country of Kenya. In Panel (a), the solid line represents the fitted values
estimated by Equation The dashed line represents the projected counterfactual values esti-
mated using Equation We classified countries as fully recovered from the pandemic when
their NTL trends returned in line with their counterfactual values, i.e., with the pre-pandemic trend
line projected as if the pandemic had never happened. Kenya, for instance, took 10 quarters to fully
recover (Quarter 3 of 2022).
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We calculated the country level magnitude of the pandemic impact as the difference between
observed values and projected counterfactual values, i.e., the distance between the blue points and
the dashed line in Figure|3.2{(b). The red error bars indicate negative values and the blue error bars
indicate non-negative values. We calculated three simple measures that summarize response and
recovery pathways: immediate impact, first-year impact, and overall impact between the onset of
the pandemic and the third quarter in 2023. Immediate impact is estimated by the coefficient (3,
in equation[3.1]and is depicted by the purple double-arrow line in Figure[3.2](a) and (b), first-year
impact 1s the cumulative, net impact in NTLs for all four quarters in 2020 (i.e. the net sum of the
first four error bars in Figure[3.2](b) starting at t=0), and overall impact is the cumulative net impact
on NTLs from Q1 2020 to Q3 2023 (i.e., the net sum of all the error bars in Figure (b) starting
at t=0). This process was repeated separately for each country.

3.3.1 Categorizing Impact, Adaptation, and Recovery Pathways

We categorize countries using the criteria summarized in Table No Response countries
(n=38) like Greece, El Salvador, the Solomon Islands, Iran, and Ghana had non-negative values for
both immediate and first-year impact. Affected countries (n=132) are countries that experienced a
negative impact immediately (Quarter 1 0£2020) or were net negative at the end 0of2020. We further
classify affected countries into two groups: recovered (n=97) and not yet recovered (n=35). If a
country’s fitted trend line never crosses over their projected counterfactual trend line up to Quarter
3 of 2023, then they have not yet recovered. Some countries that have not yet recovered include
Nigeria, the Philippines, Qatar, and Portugal. Countries that recovered (e.g. France, Brazil, Egypt,
Cameroon, and South Korea) had their fitted trend line cross over the projected counterfactual trend
line at some point during the time series. We further classify recovered countries into two groups:
back on track (n=38) and built back better (n=59). Countries that were back on track returned to
their counterfactual (i.e., their projected pre-pandemic trend), but had a net negative overall impact.
Countries like Fiji, Uruguay, Russia, Egypt, and Japan were back on track as of Quarter 3 of 2023.
Countries that built back better were initially impacted by the pandemic but, by the end of 2023,
they had bounced back above the counterfactual, i.e., their projected pre-pandemic trend. These
countries include Peru, Iraq, Germany, Mexico, and the Gambia.

Figure[3.3[shows both pre-pandemic and post-pandemic deviations from trend (error bars shown
in Figure Panel (b)) over time for all countries in each category. Post-pandemic impacts start
in Quarter 1 2020 (t=0) and are calculated as residuals from the projected counterfactual values.
We see that No Response countries, like Turkmenistan, tend to exceed their projected counterfac-
tual trend. The autocratic government of Turkmenistan largely denied the existence of COVID-19
within its borders and did not implement large-scale mobility or health-related measures (Hashim
et all, 2022)).

Compared to No Response countries (Figure [3.3j, left panel), the impact trajectories of af-
fected countries are noisier. The United States (Figure [3.3p, right panel) exhibits sustained nega-
tive impacts, perhaps due to the decentralized pandemic responses varying widely across US states
(Bergquist et al., |2020). Malaysia had not yet recovered back to their projected counterfactual
NTL trend by the end of 2023 (Figure[3.3p, left panel). Compared to the USA, the Malaysian gov-
ernment responded as a centralised authority with the declaration of a Movement Control Order
(MOC)|Tayeb and Hong| (2021)). This lockdown approach was successful at “flattening the curve”
but this was also a time of political instability. The government and prime minister changed three
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Table 3.1: Definitions used to categorize countries into No Response, Recovered, or Not Yet Re-
covered.

Category Definition

No Response No impacts (immediate impact > 0 and first-year impact > 0)

Affected Negative impacts (immediate impact < 0 or first-year impact < 0)

Affected

Not yet recovered Fitted values < projected counterfactual values for the entire time series

Recovered At least one fitted value > projected counterfactual value
Recovered

Back on track Overall impact < 0

Built back better Overall impact > 0

times in less than 2 years during a time when the government had “unprecedented economic power”
Tee et al.|(2022)). The prime minister who led Malaysia during the peak of the pandemic has subse-
quently been charged with bribery and money laundering through the government’s COVID fund
Mao and Head (2023). Both Argentina and Egypt appear to recover and get back on track, possibly
due to an early and decisive response. Argentina’s approach included a concerted effort between
federal and local governments to administer lockdown policies and public information campaigns
(Garcia et al., [2020). Egypt’s economy is one of the few that reported positive economic growth
in 2020, possibly due to its extreme but comparatively brief lockdown policy and robust economic
interventions |Abdel-Moneim and Rizk! (2020). India had a slight darkening in 2020 but managed
to build back better surpassing its projected counterfactual trend for much of the time series. This
is consistent with the “miraculous” containment of the virus early on in the pandemic (Sharma,
2022)). India was hit especially hard during a second-wave in 2021 but managed to roll-out a mas-
sive vaccination drive to bolster recovery (Sharma, 2022)).

Most of the countries Affected and Recovered groups experienced a significant brightening
in the early quarters of 2021 supporting the idea that pent-up economic demand started to offset
the initial negative economic impacts of 2020 Walmsley et al.| (2021). Many of the countries in
the Affected group also seemed to experience another darkening between 2021 and 2022, possibly
due to additional waves of infections following viral mutations. While most of the countries that
recovered are categorized as Built Back Better, roughly one-third of all countries are Back on Track
but have not fully offset the impact of the pandemic. A full list of countries and their adaptation
pathway category are provided in Figure |C.3
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Figure 3.3: Quarterly residuals (i.e., the error bars in Figure (b)) on the y-axis and time on
the x-axis. In the pre-pandemic period (left of the vertical line at t = 0), a value of zero on the y-
axis means that the observed value is equal to the fitted value for that quarter. In the post-pandemic
period (right of the vertical line at t = 0), a value of zero on the y-axis means that the observed value
is equal to the projected counterfactual value. A country was considered impacted by the pandemic
if its NTLs dropped below the projected counterfactual at the onset of the pandemic (right panel
a). Impacted countries might have not recovered back to the projected counterfactual by the end
of the pandemic (left panel b). Those that recovered (right panel b), either went back in line with

Quarters post Q1 2020

Quarters post Q1 2020

pre-pandemic projections (left panel c), or even exceed them (right panel c).
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3.3.2 Policy responses and impact measures

We used country level variation in our three measures of impact and recovery (i.e., Immediate,
First-year, and Overall impact) to explore the relationships between adaptation responses and out-
comes across geographical regions and levels of economic development. Our baseline estimates
were derived by regressing the three impact measures on categorical variables for income level and
geographic region, separately. We then sequentially added controls for types of policy response
(i.e., lockdown vs. health-related) to investigate how accounting for policy response might affect
the baseline estimates. We used the lockdown Stringency Index and of the Containment and Health
Index by Oxford COVID-19 Government Response Tracker |[Hale et al.| (2021) to summarize the
intensity of lockdown and national health policies, which are available as daily values. We calcu-
lated averages of these daily values over the appropriate time periods for each of the three impact
measures (Figure [3.4).

We found that high and upper-middle income countries exhibited the largest immediate NTL
drop (see Baseline coefficients), equivalent to 0.5 standard deviations from the pre-pandemic mean
NTL level (3.4p). In other words, NTLs in high income countries were immediately impacted by
the pandemic more than lower income countries. The negative impact in the high income group was
mostly driven by European countries (3.4b). Therefore, high-income, mostly European countries
exhibited the largest decreases in luminosity at the beginning of the pandemic.

When controlling for the stringency of lockdown policies in the first Quarter of 2020, the im-
mediate impact for high-income countries was not statistically significant from zero at the 95%
confidence level (Figure Panel (a)). This suggests that the large NTL response observed in
high-income countries during this quarter was associated with more stringent lockdown policies.
The same pattern holds for Upper middle income countries, also suggesting that the observed re-
duction in nighttime lights is explained by the stringency of lockdown policies in Quarter 1 of 2020.
As an alternative to Figure Table S2 presents regression results where we control for income
level (or region), lockdown, and health-related policies. We observe weak evidence that lockdowns
are correlated with a reduction in NTL whereas health policies are correlated with an increase in
NTL (during the first quarter of 2020).

First-year impacts ((c) and (d)) seem to be more widespread than immediate impacts (note the
change in scale on the horizontal axis, measured as cumulative net standard deviations from pre-
pandemic means). The baseline estimates for the income group regressions show that countries
in high, upper-middle, and lower-middle income groups all exhibited significant negative impacts
during the first year of the pandemic. Thus, for the majority of countries, the COVID-19 pandemic
is associated with large-scale changes in human behavior that are observable from space. Again,
high-income countries had the largest reductions with quarterly luminosity being roughly 1.6 stan-
dard deviations lower than the projected counterfactual, on average. Regional estimates show that
countries in the Americas have slightly larger negative impacts than other regions. However, con-
trolling for the intensity of response turns all first-year impact estimates positive across income
groups and geographical regions. This is additional evidence that much of the drop in NTLs during
2020 was driven by lockdown policies. This negative correlation between lockdown stringency
and NTL impacts in the first year of the pandemic is further supported by results from fixed effects
regressions presented in Table

Overall impacts (up to Quarter 3 of 2023) highlight different effects for different adaptation re-
sponses. Baseline estimates suggest that low-income countries had non-negative overall impacts,
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mostly driven by countries in Africa. In other words, NTL luminosity in these countries was unaf-
fected by the pandemic. When we control for the stringency of lockdown policy, overall impacts
turn positive in all regressions. However, when we control for the intensity of health-related pol-
icy (i.e., contact tracing, testing, and vaccination), overall impacts become slightly more negative.
This suggests that countries with more stringent lockdowns during 2021 are associated with larger
NTL reductions and countries with more health-focused policy responses during 2021 are asso-
ciated with minimal reductions in NTL. These results are further supported by results from fixed
effects regressions presented in Table |C.3

This finding is echoed in Figure This figure shows average overall impacts for countries
falling above and below average levels of policy intensity. We see that countries with above av-
erage lockdown intensity tend to have larger reductions in NTL. In general, countries with more
muted policy responses seem to have maintained or increased luminosity during the pandemic. The
exception is countries that had (i) health policies above average intensity and (ii) lockdowns be-
low average intensity. These countries exhibit the largest NTL growth over this period, suggesting
that their economies continued to grow as would have been expected (or exceeded expectations).
Overall, these results suggest that countries that prioritized health-related policies over lockdown
adapted to the pandemic better than countries that prioritized lockdown over health-related poli-
cies. These interpretations are supported by results from fixed effects regressions presented in
Table Additional results that also explore the use of economic support policies and official
reports of infection rates are shown in Figure There are no obvious patterns across income
groups or geographical regions.

3.3.3 Comparison to GDP-based Categories

How do our results compare to those that would be obtained using national GDP statistics?
Here we highlight countries that were “unaffected” by the pandemic if we use our methodology
and nationally-reported GDP statistics but “affected” if we use NTLs: Belarus, Benin, Brunei,
Burundi, Egypt, Equatorial Guinea, Republic of Congo, and Sierra Leone. Note that these are
countries classified as authoritarian or “Not Free” by Freedom House. In Figure we show
three examples of how these countries appear to have been negatively impacted in terms of NTL.
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I. Immediate impact
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Figure 3.4: Coefficients estimated using Equation The outcome variables (immediate, first-
year, overall) are our estimated country-level impacts. Baseline estimates control for World Bank
income group in panel (a), geographical region in panel (b), and do not include any additional
controls. Adaptation controls (health and lockdown) control for intensity of each policy type and
are derived from indices sourced from OxGRT (Hale et al., 2021)). Policies are averages of daily
values for the relevant policy period. For immediate impact, this period is Q1 2020. For first-year
impact, the period is Q1 2020 - Q4 2020. For overall impact, the period is Q1 2021 - Q2 2021.
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Figure 3.5: Overall impacts for countries falling above or below the average policy intensity for a
certain type or mix of adaptation responses. The x-axis shows the specific policy type or combi-
nation. Both considers the average overall impact of countries with both policies above or below
the average intensity for that policy. Selective shows the average overall impact when one policy
type was above the average intensity and the other policy type was below the average intensity,
e.g. Health-focused means above average health policy intensity combined with below average
lockdown policy intensity.
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Figure 3.6: Quarterly nighttime lights for three different countries: Brunei, Equatorial Guinea,
Republic of Congo (actual NTL data shown as points with fitted trend line in black, projected
counterfactual trend post Q1 2020 is shown as a dashed line). According to national GDP statistics,
all three countries reported positive economic growth from 2020-2023.
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3.4 Discussion and Conclusion

This study shows that 77% of countries experienced a significant darkening during the first year
ofthe COVID-19 pandemic. Of those countries that exhibit a NTL response, 73% recovered to their
counterfactual trend by Quarter 3 of 2023. Out of the countries that recovered, 60% fully recovered
all the luminosity “lost” during the pandemic. The variation in lockdown policies explains much
of the reduction in luminosity experienced across income groups and geographic regions. These
findings are consistent with a separate study exploring the effect of lockdown policies on luminosity
in large cities Xu et al. (2021). That study focuses on the four weeks before and after a lockdown
and we show that this effect persists when we expand the spatial scale and time horizon. Increased
focus on health-related policies (i.e., contact tracing and testing) as an adaptation response seems
to have a converse relationship with nighttime lights, allowing the lights to “stay on” with lower
overall impacts.

There are, of course, caveats and limitations in using nighttime lights to infer responses to and
recovery from any event, including the COVID-19 pandemic. The use of artificial light at night is
not a perfect indicator of on-the-ground economic activity: businesses might close down but keep
their lights on, conversely, less activity at night might be offset by increased economic activity
during the day. In spite of these limitations, our study shows that large-scale changes in human
behavior occurred during the COVID-19 pandemic were detectable from space by tracking NTLs.
Our findings also suggest that both existing adaptive capacity and real-time decision-making mat-
tered. High income countries had more capacity to implement large-scale responses like country-
wide lockdown. But, even within lower-income nations, policy responses appeared to mitigate
the economic impacts of the pandemic. Across income groups, strict health measures combined
with less stringent mobility controls appeared to minimize the economic impacts of the pandemic.
Therefore, a lack of adaptive capacity can be offset by well-informed policy-making.

58



General Conclusion

This dissertation has explored three different disturbances in three empirical essays. Each study
seeks to understand how individuals, communities, and nations are impacted by — and respond to
— these specific situations.

The first essay demonstrated how wildfire-driven air pollution influences health insurance en-
rollment in the United States. The findings show the importance of public insurance programs like
Medicaid in mitigating the health risks associated with wildfire pollution.

The second essay examined the unintended health consequences of artisanal small-scale mining
(ASM) in Ghana, showing a significant increase in malaria incidence among children under five
living in mining-adjacent areas. This research highlights the broader implications of economic
development strategies that fail to account for public health risks and emphasizes the need for
interventions to mitigate negative health externalities.

The third essay expanded the focus to a global scale, investigating adaptation pathways to the
COVID-19 pandemic using nighttime lights data. The categorization of countries into different
pathways provided insight into how policy responses shaped nighttime light patterns.

Together, these essays leverage innovative data sources and empirical methods to help under-
stand how societies are impacted by three different disturbances. The findings offer insights for
designing policies that enhance resilience to such unexpected and adverse events.
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Appendix A

Table A.1: Selection on respondent characteristics in the Medicaid-eligible sample

(1) 2 3) “4) (5)
Age Female Married Parent White
Wildfire-PM -0.072**  0.002***  0.003*** 0.007*** -0.001
(0.015) (0.001) (0.001) (0.001) (0.001)
Mean dep. var. 44.532 0.570 0.361 0.375 0.508
Percent of mean -0.2 0.3 0.8 1.9 -0.1
Observations 1,342,904 1,342,904 1,342,904 1,342,904 1,342,904
(1) 2) 3) 4 (3)
Income High
Asian Black Hispanic (PAPL) School
Wildfire-PM 0.001* 0.000 0.000 1.269*** -0.001
(0.000) (0.000) (0.001) (0.212) (0.001)
Mean dep. var. 0.065 0.173 0.248 153.157 0.249
Percent of mean 1.4 0.0 0.1 0.8 -0.2
Observations 1,342,904 1,342,904 1,342,904 1,342,904 1,342,904
1) 2 3) 4) (5)
No High Employed Employed
School College  full-time  part-time Unemployed
Wildfire-PM 0.001 0.000 0.002*** -0.001 -0.003***
(0.001) (0.000) (0.001) (0.001) (0.000)
Mean dep. var. 0.553 0.198 0.255 0.226 0.099
Percent of mean 0.1 0.0 0.9 -0.4 -2.6
Observations 1,342,904 1,342,904 1,342,904 1,342,904 1,342,904

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Clustered standard errors at the PUMA level in
parentheses. All regressions weighted using individual ACS survey weights and account for PUMA
and year fixed effects. No additional controls are included.
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Table A.2: Selection on respondent characteristics in the full sample

(1 ) 3) 4 (5) (6)
Eligible Age Female Married Parent White
Wildfire-PM -0.001**  -0.036*** -0.000 0.001** 0.000 -0.001*
(0.000) (0.006) (0.000) (0.000) (0.000) (0.000)
Mean dep. var. 0.150 46.509 0.514 0.612 0.350 0.654
Percent of mean -0.9 -0.1 -0.0 0.1 0.1 -0.1
Observations 9,831,427 9,831,427 9,831,427 9,831,427 9,831,427 9,831,427
(1) 2) 3) 4 (3) (6)
Income High No High
Asian Black Hispanic (PAPL) School School
Wildfire-PM 0.001**  -0.001*** 0.000 1.243%* -0.000 0.000
(0.000) (0.000) (0.000) (0.125) (0.000) (0.000)
Mean dep. var. 0.061 0.121 0.163 337.401 0.113 0.474
Percent of mean 2.0 -0.5 0.1 0.4 -0.2 0.0
Observations 9,831,427 9,831,427 9,831,427 9,831,427 9,831,427 9,831,427
(1) 2) A3) 4)

Employed Employed
College  full-time  part-time Unemployed

Wildfire-PM 0.000 0.002*** -0.000** -0.001***
(0.000) (0.000) (0.000) (0.000)

Mean dep. var. 0.413 0.655 0.157 0.039

Percent of mean 0.0 0.3 -0.3 -2.2

Observations 9,831,427 9,831,427 9,831,427 9,831,427

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Clustered standard errors at the PUMA level in parentheses.
All regressions weighted using individual ACS survey weights and account for PUMA and year fixed effects. No
additional controls are included.
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Table A.3: Heterogeneity in Medicaid enrollment responses by local-area baseline conditions and
post-Affordable Care Act (ACA)

(1) @) 3)
Baseline Baseline  Expansion
take-up rate  wildfire-pm states
Wildfire-PM 0.014** 0.013** 0.005
(0.002) (0.001) (0.003)
Baseline take-up x Wildfire-PM 0.010™
(0.002)
Baseline wildfire-PM x Wildfire-PM -0.002***
(0.000)
Expanded x Wildfire-PM 0.041*
(0.008)
Post2014 x Wildfire-PM -0.005
(0.005)
Expanded x Post2014 0.041***
(0.005)
Expanded x Post2014 x Wildfire-PM -0.037**
(0.008)
Observations 1,342,904 1,342,904 1,032,342

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Individuals in the sample are Medicaid eligible
adults where eligibility is approximated using MAGI. Clustered standard errors at the PUMA level
in parentheses. All regressions weighted using individual ACS survey weights. Baseline Medicaid
take-up is defined as the percent of Medicaid-eligible individuals that were enrolled in Medicaid in
2012 and is standardized to have a mean of zero and a standard deviation of one. Baseline wildfire-
PM is defined as the historical average wildfire-PM from 2006-2011 and is standardized to have a
mean of zero and a standard deviation of one.
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Table A.4: Mortality effects and Medicaid expansion

(1)
Mortality rate per 100,000 adults
2nd 0.157
(0.716)
3rd 0.245
(1.036)
4th -1.014
(1.435)
5th -2.613
(1.775)
2nd x Post 0.166
(1.190)
3rd x Post 0.311
(1.761)
4th x Post 4.895*
(2.068)
Sth x Post 11.168***
(2.485)
2nd x Expanded -0.130
(0.940)
3rd x Expanded -1.737
(1.355)
4th x Expanded 0.102
(1.737)
Sth x Expanded 1.293
(2.065)
2nd x Post x Expanded -0.471
(1.5806)
3rd x Post x Expanded 1.876
(2.113)
4th x Post x Expanded -0.787
(2.539)
Sth x Post x Expanded -6.337*
(3.074)
Mean dep. var. 99
Observations 17,990

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. The outcome is county-
level age-adjusted mortality rates for adults aged 25-64. Clustered standard
errors at the county level in parentheses. Regression is weighted by total
population aged 25-64.
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Table A.5: Wildfire-PM summary statistics

Mean (SD) Min Max

Annual averages
Wildfire-PM (contemporaneous) 0.36 (0.47) 0.01 8.26

Wildfire-PM (lagged) 0.39 (0.48) 0.00 8.26
Quintiles

Ist 0.07 (0.03) 0.00 0.11

2nd 0.16 (0.03) 0.11 0.22

3rd 0.28 (0.03) 0.22 0.34

4th 0.43 (0.06) 034 0.54

Sth 0.97 (0.79) 0.54 8.26
Observations 1,342,904

Notes: Summary statistics for contemporaneous, lagged, and binned wildfire-PM.
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Appendix B

Group Base year Treated year
Transition (treated) Clusters will be far in the future | Clusters were near and now far
Non-transition (control) Clusters will always be near Clusters remain near

Table B.1: Simplified setup for DiD estimator for ASM footprint contraction.
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(a) DHS-displaced estimates (b) Simulation-displaced estimates
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Figure B.1: The effect of ASM expansion on malaria incidence (microscopy) for different proxim-
ity thresholds and simulated displacements for the 2019-2022 period. DHS-displaced estimates use
the original geographic coordinates from the DHS survey. Simulation-displaced estimates repeat
regressions that displace survey clusters according to the DHS algorithm. Proximity thresholds on
the x-axis represent what distance is considered to be near and far.
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(a) DHS-displaced estimates (b) Simulation-displaced estimates
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Figure B.2: The effect of ASM expansion on malaria incidence (RDT) for different proximity
thresholds and simulated displacements for the 2019-2022 period. DHS-displaced estimates use
the original geographic coordinates from the DHS survey. Simulation-displaced estimates repeat
regressions that displace survey clusters according to the DHS algorithm. Proximity thresholds on
the x-axis represent what distance is considered to be near and far.
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(a) DHS-displaced estimates (b) Simulation-displaced estimates
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Figure B.3: The effect of ASM contraction on malaria incidence (microscopy) for different proxim-
ity thresholds and simulated displacements for the 2016-2019 period. DHS-displaced estimates use
the original geographic coordinates from the DHS survey. Simulation-displaced estimates repeat
regressions that displace survey clusters according to the DHS algorithm. Proximity thresholds on
the x-axis represent what distance is considered to be near and far.
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(a) Undisplaced estimates (b) Distance-displaced estimates

© ©
<r' -
("2 -
('\! -
'é o 001 I o
1
= ° Q
N
e e .
& ()
8 1
o |
1 o |
S
T T T T T T
1 km 2 km 3 km 4 km 5 km 6 km T T T T T T
i 1 km 2 km 3 km 4 km 5 km 6 km
Significance level
@® %% @ 95% ® 90% ° 80% < 80%

Figure B.4: The effect of ASM contraction on malaria incidence (RDT) for different proximity
thresholds and simulated displacements for the 2016-2019 period. DHS-displaced estimates use
the original geographic coordinates from the DHS survey. Simulation-displaced estimates repeat
regressions that displace survey clusters according to the DHS algorithm. Proximity thresholds on
the x-axis represent what distance is considered to be near and far.
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(a) ASM 2019 (b) ASM 2022
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Figure B.5: ASM spatial footprint data for 2019 and 2022 from the Centre for Remote Sensing and

Geographic Information Services (CERSGIS). We have reduced the resolution of this data for this
figure to enhance visibility.
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Figure B.6: The average number of clusters in each of the four DiD groups for different simulated-
displacement regressions. Proximity thresholds on the x-axis represent what distance is considered
to be near and far.
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Appendix C

Table C.1: Immediate impact regressions: Income group and Region fixed effects

Dependent Variable: Immediate impact

Model: (1) (2) 3) 4) (5) (6)

Variables

Lockdown policy -0.0008 -0.0060  -0.0004 -0.0023
(0.0056) (0.0060) (0.0055) (0.0060)

Health policy 0.0069  0.0098* 0.0024  0.0035

(0.0049) (0.0055) (0.0048) (0.0054)

Fixed-effects

Income group Yes Yes Yes

Region Yes Yes Yes

Fit statistics

Observations 151 152 151 150 151 150

R? 0.14696 0.16105 0.16961 0.11114 0.11181 0.11371

Notes: Heteroskedasticity-robust standard-errors in parentheses. Signif. Codes: ***: 0.01, **:
0.05, *: 0.1. Dependent variable is immediate impact on quarterly NTL which captures the depar-
ture from the counterfactual trend in Q1 2020 and is a parameter estimated by equation 1 in the
main text. Health policy and lockdown policy are indices that measure the intensity of each policy
type. OxGRT (Hale et al., 2021) provides daily lockdown policy indices which they refer to as
the stringency index. We calculate a daily health policy index for each country using the formulas
provided by OxGRT (Hale et al., 2021). Indices for these types of policies are averages of daily
values for the relevant policy period. For immediate impact, this period is Q1 2020.
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Table C.2: First-year impact regressions: Income group and Region fixed effects

Dependent Variable: First-year impact

Model: (1) (2) 3) 4) %) (6)

Variables

Lockdown policy -0.0392** -0.0389**  -0.0391** -0.0338
(0.0170) (0.0177)  (0.0184) (0.02006)

Health policy -0.0216  -0.0011 -0.0338  -0.0138

(0.0237)  (0.0260) (0.0217) (0.0258)

Fixed-effects

Income group Yes Yes Yes

Region Yes Yes Yes

Fit statistics

Observations 151 152 151 150 151 150

R? 0.08856  0.06227 0.08858  0.07345 0.05933 0.07552

Notes: Heteroskedasticity-robust standard-errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05,
*: 0.1. Dependent variable is the first-year impact on quarterly NTL which is the net quarterly impact
from Q1 2020 - Q4 2020. These quarterly impacts are calculated as the difference between observed
and counterfactual values. Health policy and lockdown policy are indices that measure the intensity
of each policy type. OxGRT (Hale et al., [2021]) provides daily lockdown policy indices which they
refer to as the stringency index. We calculate a daily health policy index for each country using the
formulas provided by OxGRT (Hale et al., 2021). Indices for these types of policies are averages of
daily values for the relevant policy period. For first-year impact, the period is Q1 2020 - Q4 2020.
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Table C.3: Overall impact regressions: Income group and Region

Dependent Variable: Overall impact

Model: ) 2) 3) “4) (5) (6)

Variables

Lockdown policy -0.3120* -0.4184** -0.3349** -0.4120**
(0.1225) (0.1361)  (0.1292) (0.1552)

Health policy 0.1324  0.3060** 0.0238 0.1954

(0.1427)  (0.1522) (0.1279)  (0.1579)

Fixed-effects

Income group Yes Yes Yes

Region Yes Yes Yes

Fit statistics

Observations 151 152 151 150 151 150

R? 0.15298  0.11262  0.17950  0.10840 0.06279  0.11974

Notes: Heteroskedasticity-robust standard-errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *:
0.1. Dependent variable is overall impact on quarterly NTL which is the net quarterly impact from Q1 2020
- Q3 2023. These quarterly impacts are calculated as the difference between observed and counterfactual
values. Health policy and lockdown policy are indices that measure the intensity of each policy type.
OxGRT (Hale et al.l [2021]) provides daily lockdown policy indices which they refer to as the stringency
index. We calculate a daily health policy index for each country using the formulas provided by OxGRT
(Hale et al., 2021). Indices for these types of policies are averages of daily values for the relevant policy
period. For overall impact, the period is Q1 2021 - Q2 2021.
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Figure C.1: This figure shows how the majority of countries had never experienced a “dark-
ening” episode like they experienced during the pandemic. UZB= Uzbekistan, PRT=Portugal,
PNG=Papua New Guinea, KEN=Kenya, GNQ=Equatorial Guinea, ERI=Eritrea, BHS= The Ba-
hamas, TIK=Tajikistan, KWT=Kuwait, and AGO=Angola. Note that some of the countries that
have experienced multiple ”darkening” shocks greater than or equal to the pandemic shock include
countries with recent histories of civil unrest or armed conflict (Eritrea and Papua New Guinea) or
major natural disasters (Kenya).
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(a) by income

I. Immediate impact

(b) by region
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Figure C.2: Comparing estimated coefficients for different regression specifications.
Notes: In addition to health policy and lockdown policy, this figure controls for intensity of
economic support policies and infection rates. Economic support policies are sourced from the
OxGRT (Hale et al., 2021)). Infection rates are sourced from WHO and compiled by Our World in
Data (Mathieu et al., 2020). Policies and infection rates are averages of daily values for the
relevant policy period. For immediate impact, this period is Q1 2020. For first-year impact, the
period is Q1 2020 - Q4 2020. For overall impact, the period is Q1 2021 - Q2 2021.
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Built back better Back on track Not yet recovered Unaffected

Country Country Country Country
Armenia Argentina Angola Afghanistan
Australia Burundi United Arab Emirates Albania
Austria Belgium Brunei Benin
Azerbaijan Bangladesh Botswana Bulgaria
Burkina Faso Bolivia Canada Ivory Coast
The Bahamas Bhutan Democratic Republic of the Congo Algeria
Bosnia and Herzegovina China Republic of Congo Ethiopia
Belarus Cameroon Colombia Georgia
Belize Egypt Costa Rica Ghana
Brazil Eritrea Cuba Greece
Central African Republic Spain Cyprus Greenland
Switzerland Estonia Ecuador Guyana
Chile Finland Gabon Iran
Northern Cyprus Fiji Equatorial Guinea Iceland
Czech Republic France Indonesia Kazakhstan
Germany Guinea Jordan Mongolia
Djibouti Hungary Kuwait Mozambique
Denmark Jamaica Lebanon Namibia
Dominican Republic Japan Lesotho Nepal
United Kingdom Kenya Morocco Papua New Guinea
Gambia Kyrgyzstan Mauritania North Korea
Guinea Bissau Cambodia Malaysia Paraguay
Guatemala Libya Nigeria Rwanda
Honduras Sri Lanka Nicaragua sudan
Croatia Luxembourg Netherlands South Sudan
Haiti Latvia Oman Solomon Islands
India Myanmar Panama El Salvador
Ireland Norway Philippines suriname
Iraq Russia Portugal Swaziland
Israel Republic of Serbia Qatar Syria

italy Sweden Saudi Arabia Chad

South Korea Thailand Trinidad and Tobago Togo
Kosovo Tunisia United States of America Tajikistan
Laos. Turkey Venezuela Turkmenistan
Liberia Ukraine Vietnam East Timor
Lithuania Uruguay Taiwan
Moldova Yemen Uzbekistan
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Mexico
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Figure C.3: All countries in their respective categories.
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