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Essays On Health Economics

Asal Pilehvari

(ABSTRACT)

This dissertation consists of three essays in Health Economics relating to the recent chal-

lenges in the U.S. The first essay studies the impact of retirement on subsequent health and

investigates the mediation effect of social network in the relationship between retirement

and health. Findings reveal that retirement adversely impacts physical and mental health

outcomes and a considerable portion of these effects are explained by social network changes

post-retirement. In particular, shrinkage in the size of social network post-retirement dete-

riorates physical health and increases depression in retirees.

In the second essay, we assess the differential effect of social distancing on the daily growth

rate of COVID-19 infections in the US counties by considering the spatial pattern of COVID-

19 spread. We also conduct a comparative analysis of the effect on urban versus rural coun-

ties, as well as low versus high socially vulnerable counties. Our analysis illustrates that a

high level of social distancing compliance is needed in urban counties and in socially vulner-

able areas to achieve the largest impact at curve flattening, whereas moderate-compliance is

enough in reaching the peak marginal impact in rural regions and counties with low social

vulnerability.

In the third essay, by combining multiple data sources, we investigate how racial disparities

in access to healthcare contribute to the disparity in COVID-19 infections and mortality in



black versus white sub-groups. The multilevel analysis demonstrates that a higher proba-

bility of having health insurance significantly reduces disparity in COVID-19 mortality in

black sub-group while it has no impact on the disparity in whites.



Essays On Health Economics

Asal Pilehvari

(GENERAL AUDIENCE ABSTRACT)

This dissertation uses various quantitative methods to investigate policy-relevant questions

regarding the recent challenges in the U.S. economy. In the first chapter, we explore how

the physical and mental health of individuals changes by retirement. The results show that

retirement decreases physical health while increases depression and anxiety. We also analyze

how social network changes after retirement might cause changes in the health of retirees.

We find that retirees may experience worse physical and mental health than non-retirees

due to losing some of their relationships after retirement. In particular, the loss of contacts

increases depression and deteriorates general health.

In the second chapter, we investigate how compliance with social distancing within a typical

county and its neighbor counties can reduce the spread of COVID-19. We examine this

question for urban versus rural counties in the US and socially vulnerable versus socially not

vulnerable counties. We find a high compliance level of social distancing is needed in urban

counties and in socially vulnerable areas to reach the highest impact at slowing down the

COVID-19 virus spread.

In the third chapter, we examine whether healthcare access inequalities (e.g., having health

insurance) increase the risk of COVID-19 infections and mortality for black communities.

Our results show that having health insurance decreases COVID-19 mortality in communities

of color but not whites.
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Chapter 1

Retirement’s Impact on Health:

What Role does Social Network Play?

1.1 Introduction

In U.S., population aging so called silver tsunami causes deep social and political transfor-

mations, challenging society in many aspects. The continuing reduction in ratio of workers

to retirees causes serious concerns about Social Security benefit sustainability, and growing

of elderly population due to improvement in longevity increases the burden on medical care

and pension systems. In particular, Social Security paid out more benefits than it collected

in taxes in 2018 and recent prediction by Social Security Administration shows the trust will

be depleted by 2034.1

These concerns prompt a series of policies such as increasing the eligibility age for full Social

Security benefits and Medicare eligibility age. The effectiveness of increasing retirement

age depends on an implicit assumption that late retirement is good for health or at least

does not harm health. Retirement is a life-changing event that can improve or deteriorate

elderly’s health both physically and mentally (Nishimura et al., 2018; Dave et al., 2008;

Coe and Lindeboom, 2008). Therefore, the precise identification of the causality impacts of

retirement on the elderly’s health is needed for effective policy design, implementation, and
1Social Security Administration Annual Report.
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evaluation.

However, establishing the causal effects of retirement on health is empirically challenging

for a couple of reasons. First, existing evidence suggests a reverse causal relationship be-

tween health and labor supply decisions and second, the existence of unobserved confounding

factors that influence both health and retirement decisions simultaneously such as work en-

vironment and genetics.

Furthermore, as a life-changing event, retirement significantly alters retirees’ daily routines,

social contact, and social activities (i.e., Barnett et al., 2012; Eibich, 2015). If retirement

affects social network while social network significantly impacts individual’s health(Cohen,

2004), social network might be a health policy instrument that can be used to promote

elderly’s health: i.e. minimizing the negative impact of post-retirement’s life changes on

retiree’s health through maintaining and fostering retirees’ social capital.

However, disentangling the causality between health and social network suffers similar iden-

tification problem because the formation of social network is not random (Manski, 1993;

Moffitt et al., 2001; Brock and Durlauf, 2001): individuals’ unobserved heterogeneity si-

multaneously affects both health production and social network formation. People who have

lower discount rates and put more value for future benefits are more likely to invest in health

and social network that results in better health and more social capital in the future. Mean-

while, healthy individuals have more energy and time to socialize with others and enrich

their social network. As a result, a model that examines the causality of retirement and

social network on retirees’ health outcomes will need to address the endogeneity problem

that may cause inconsistent and biased estimations.

The literature has applied various identification methods to address the aforementioned

empirical challenges in investigating the relationship between retirement and health but has
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not reached consistent findings (e.g., Kofi Charles, 2004; Neuman, 2008; Coe and Lindeboom,

2008; Coe and Zamarro, 2011; Gorry et al., 2018; Insler, 2014). The most recent studies

(e.g., Gorry et al., 2018; Insler, 2014) used instrumental-variable (IV) and fixed effect (FE)

methods with early and regular pension benefit eligible ages as instruments to deal with the

endogeneity in the retirement status.

It is still hard to compare results across studies since they use different retirement definitions

such as not working for pay, working less than 1200 hours per year, etc. Those definitions

do not necessarily capture the effect of complete retirement (i.e., not working at all both for

pay and for free) on health precisely.2 Furthermore, to the best of our knowledge, there is

no empirical study on the social network pathway through which retirement affects health.

The chief goal of this study is to identify the mediatory impact of social network on the

subsequent health effect of retirement using the ego-centric social network and health in-

formation available in the National Social Life, Health and Aging Project (NSHAP) survey

(discussed in detail in later section). For this purpose, we first investigate the retirement

impact on health and address the endogeneity issue by employing the panel structure of

NSHAP.3 In particular, we tackle the endogeneity caused by unobservables and individual’s

heterogeneity by using eligibility age for full Social Security benefits as an instrumental

variable for retirement status as well as applying Fixed-Effect methodology. Furthermore,

we restrict our sample to pre-retirement healthy individuals to minimize the potential bias

and inconsistency induced by reverse causality and potential weak instrument problem (i.e.,

people might retire in other time in the life span, not necessarily at the eligibility age for

Social Security benefits). Lastly, we highlight the importance of investigating the causal re-

lationship between retirement and health and the mediatory role of social network for public

2Dave et al. (2008) is the only study on US data which considers not working as the definition of retirement
(using Health and Retirement Study dataset) and exploits the panel nature of data.

3The NSHAP has not been exploited in the literature of retirement and health studies.
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policy intervention to promote healthy aging.

Our findings indicate that retirement negatively impacts physical and mental health out-

comes especially self-report physical health, depression, and anxiety. Retirement significantly

alters social network features, not only reduces the number of people in social network but

also decreases the frequency of contacts in retirees as compared to non-retirees. The re-

sults suggest that the adverse effect of retirement on health can be partially explained by

its effect on social network features. Using single and parallel mediation analysis, we find

significant influence of social network size on the health of retirees. Particularly, the single

mediation analysis indicates 43% of depreciation in physical health, and 24% of increment

in depression post-retirement can be attributed to reduction in the social network size. In

the parallel mediation identification that controls for possible dependencies between social

network features, these effects are estimated to be 45.3% and 44.8%, respectively. Although

the social network size reduction is found to be beneficial for ameliorating anxiety feelings,

the magnitude of this effect is not sizable as compared to the large adverse effects that it im-

poses on physical health and depression. Findings in this paper suggest that social network

interventions can mitigate the adverse health outcomes of retirement, providing valuable

insights for policy design and implementation for healthy aging.

1.2 Review of Literature

1.2.1 Heath on Retirement

On top of the numerous factors that affect retirement decision, such as Social Security

eligibility, financial resources, and health insurance, health is believed to be a crucial deter-

minant. The empirical findings are consistent in supporting this conclusion. By modeling
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the endogenous health dynamics in a structural model of retirement, Bound et al. (2010)

find that healthy people are unlikely to retire unless they have a sizable financial resource. It

is more likely for those who are in poor health to retire before being eligible for any pension

benefits. Capatina (2015) indicates four channels by which health affects an individual’s

labor supply: productivity, medical expenditures, available time, and mortality. She states

that productivity and time lost to sickness are the main channels by which health affects

labor supply. Similarly, Gustman and Steinmeier (2018) demonstrate that improving the

overall health of the population would delay retirement by one year. Moreover, McGarry

(2004) shows the impact of changes in health on retirement expectations is much greater

than financial variables.

1.2.2 Retirement on Health

Recently, researchers have paid more attention to the effect of retirement on health outcomes.

Several studies show a significant health improvement after retirement (e.g., Charles, 2002;

Bound and Waidmann, 2007; Neuman, 2008; Coe and Lindeboom, 2008; Johnston and Lee,

2009; Coe and Zamarro, 2011; Insler, 2014), while others find that retirement significantly

deteriorates health (e.g., Dave et al., 2008; Behncke, 2012). Recently, a systematic review

(Nishimura et al., 2018) points out that different methodology utilized is a key factor for

explaining the mixed results in the literature as well as the choice of wide ranges of control

variables. For example, in a study using U.K. data, Behncke (2012) employs a non-parametric

matching approach and finds no and negative effects of retirement on depression and self-

report health, respectively. However, by using Regression Discontinuity Design, Johnston

and Lee (2009) indicate that retirement lowers depression for a sample of men who do not
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have an educational degree in U.K.4 Besides, different norms, labor market, and economic

incentives embedded in the Social Security and pension system across different countries

may also contribute to the inconsistency in empirical findings in the literature.

Even if we only compare the studies on US data, the findings are still mixed. For example,

in terms of subjective well-being, by using Social Security normal retirement age as an

instrumental variable, Kofi Charles (2004) finds that retirement has a positive effect on

subjective well-being, while Dave et al. (2008) find no effect. For the self-report health,

most studies find that the probability of reporting good health increases after retirement

(Neuman, 2008; Coe and Lindeboom, 2008; Calvo et al., 2011; Nishimura et al., 2018),

whereas some reports the opposite (Dave et al., 2008). In the case of physical health,

Dave et al. (2008) report retirees are more likely to suffer from difficulties in their physical

activities. While, other studies declare there is a positive relation between retirement and

physical health for women but none for men (Neuman, 2008; Nishimura et al., 2018). In

regards to mental health, some studies claim that retirement does not affect depression

(Neuman, 2008; Coe and Lindeboom, 2008), while others find that retirement is associated

with higher depression(Nishimura et al., 2018).

1.2.3 The Role of Social Network

A few studies investigate how retirement changes the lifestyle of retirees (Zantinge et al.,

2013; Barnett et al., 2012). Specifically, they investigate the effect of retirement on social

activities participation and social support (Barnett et al., 2012). Social network is defined

as a “web of social relationships surrounding an individual and the characteristics of those

ties” (Berkman et al., 2000), which are generally characterized in terms of structure, quality,

4There are many other studies based on the evidence of other countries such as Korea, Japan, Canada
and European countries.
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and function. Social network structure refers to the number of individuals in the network

and the frequency of contacts an individual has with the other members.

An important function of a social network is to provide social support, especially emotional

and instrumental support, to members of the network and influence mental and physical

health (especially for those older individuals) (e.g., Israel, 1982; Cohen, 2004; Ronconi et al.,

2012; Petrou and Kupek, 2008; Fiori and Jager, 2012; Litwin and Shiovitz-Ezra, 2010; Allen

et al., 2014). Social network members can provide social support and companionship for day-

to-day adaptation to new life of retirees that will contribute to better health.Berkman and

Syme (1979) state that those who have larger social networks are more likely to have better

health, especially when the network members are frequently contacting each other (Terhell

et al., 2007). Social network involvement might include negative social interaction in which

social network members behave in hurtful and inconsiderate ways that result in worse health

(Krause and Rook, 2003). Noticeably, studies found that positive social interactions and

social support happen much more frequently than do negative interactions (Rook, 1998).

The effect of retirement on social network is an empirical hypothesis. On the one hand,

retirement reduces social interactions because of losing co-workers and work-related networks

and thus shrinks the size of social network (Sugisawa et al., 1997). On the other hand,

people would have more time to do voluntary works, participate in different types of social

activities, and make new connections to expand their social networks (Barnett et al., 2012).5

No matter which direction the impact is, retirement will lead to social network changes and

subsequently may impact retirees’ health. Therefore, it is needed to investigate the empirical

evidence of social network’s mediation effect in the pathway between retirement and health

to understand whether social network is a viable channel to invest on for healthy aging
5Recently, several studies attempt to investigate how social network impacts retirement decision making

(van den Berg et al., 2010; Harkonmäki et al., 2006). Findings show that social support can buffer the
effect of main factors of early retirement decision such as poor health, low job satisfaction and work pressure
(van den Berg et al., 2010).



8 Chapter 1. Retirement’s Impact on Health: What Role does Social Network Play?

promoting policies.

1.3 Data and Variables

1.3.1 Data

In our empirical analysis we use data from the National Social Life, Health, and Aging

Project (NSHAP) which is conducted by National Opinion Research Center (NORC) at the

University of Chicago. This is a population-based panel study of the elderly with specific

purpose to investigate connections between health and social factors. The first wave of the

NSHAP includes a sample of 3,005 adults aged 57 - 85 years old (born between 1920 and

1947) who were interviewed in 2005 or 2006. Wave 2 consists of 2,261 Wave 1 respondents

who were re-interviewed in 2010 or 2011. Wave 2 also includes the cohabiting spouses and

romantic partners of Wave 1 respondents in addition to Wave 1 non-interviewed respondents.

Wave 3 constitutes of 4,777 individuals who were interviewed in wave 2 in addition to a new

cohort born between 1948 and 1965 (baby boomers).6 The construction of the sub-sample

used in our study will be explained in subsection 1.3.5.

1.3.2 Health variables

As outcome variables, we consider a variety of physical and mental health measures available

in NASHAP. Physical health. We examine the self-report physical health which is reported

by respondents as “poor,” “fair,” “good,” “very good” or “excellent”, on scale from 1 to 5.

Higher values of self-report physical health correspond to better health.

6We use sample weights for all the analyses.
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Mental health. Respondents were asked “how do you evaluate your emotional health?” and

respondents answered as “poor,” “fair,” “good,” “very good ” or “excellent” , on scale from

1 to 5. Higher value refers to better mental health. Since this measurement of mental health

is not reliable (Mawani et al., 2010), we select depression and anxiety as more suitable

proxy for mental health. For example, Mawani et al. (2010) state that noticeable percentage

of respondents who were diagnosed to have mental illness reported their mental health as

good. Also, Fleishman and Zuvekas (2007) find that measures of emotional distress are

weakly correlated with self-report mental health.7

Depression. The NSHAP includes a depression scale introduced by Center for Epidemiologic

Studies (CES) which is based on a cumulative summation over response scores to eleven

questions. Respondents were asked about the frequency of certain feelings in the past week

(e.g., “how often did you feel depressed in the past week?”).Certain feelings include: De-

pressed, Restless, Difficult, Poor appetite, Everything was an effort, Happy, Lonely, People

were unfriendly, Enjoyed life, Sad, and Being disliked. There are four possible responses:

“rarely or none of the time” (score: 1); “some of the time” (score: 2); “occasionally” (score:

3); and “most of the time” (score: 4).8 Higher values of CES-D depression measurements

represent more depression symptoms and worse mental health.

Anxiety. NSHAP includes seven questions related to anxiety symptoms defined by Hospital

Anxiety and Depression Scale (HADS). Respondents were asked about the frequency of

feeling anxiety symptoms (i.e., tense, something awful about to happen, restless, worried,

relaxed, frightened, and panic) in the past week. The range of answer to these questions

are similar to the CES-D depression. Hence, we calculate the anxiety measurement by

summation over the response scores to the seven questions. The higher values of anxiety

7https://www.cdc.gov/tobacco/campaign/tips/diseases/depression-anxiety.html
8The answer scores to positive notion questions (e.g., “How often did you feel happy in the past week?”)

are reversed to be consistent in measuring depression.
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variable demonstrate worse mental health.9

1.3.3 Social network variables

NSHAP includes the respondent’s egocentric social network. An egocentric social network

includes an ego (the respondent) and a set of members. In NSHAP, respondents could name

up to five people that immediately surround them in the past 12 months, but respondents

were also asked to denote if they had more than five members in their networks. Also,

NSHAP contains frequency of contacts among members including the respondent. Frequency

of contacts are collected by asking respondents “how often do you talk to the person cited?”

The responses range “have never spoken to each other (0),” “less than once a year (1),” “once

a year (2),” “a couple of times a year (3),” “once a month (4),” “once every two weeks (5),”

“once a week (6),” “several times a week (7),” “every day (8).” In NSHAP, respondents are

asked to describe type of their relationship with each member in the network (e.g., partner,

family, friend, coworker, etc.).

Based on available information about social network in NSHAP, we construct the most

frequent examined network characteristics in the social network literature: size of social

network, frequency of contacts, and diversity of ego’s network (Carolan, 2013). Size is

defined as number of members in the respondent’s social network. We construct an index

for measuring frequency of contacts by summation over the scores of ego’s frequency of

contacts (i.e., scores range from 0 to 8) with members and normalize it with size of network.

This normalization makes the frequency measure less dependent on the size. To illustrate

this, consider ego1 who has one member in her social network and every day is in contact with

that person as compared to ego2 who has 8 members in his network and is in contact with
9Anxiety questions are asked in the leave-behind questionnaire, and around 2600 respondents have an-

swered these questions in each wave. Therefore, the sub-sample for investigating the anxiety impact has the
lowest sample size.
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them less than a day per year. In terms of the frequency of contacts, without normalization,

these two have the same frequency of contacts (i.e., 8).

Based on varieties of relationship types in NSHAP, we define 8 categories: partner, parent,

child, family, friend, neighbor, coworker, and others(i.e., minister, priest, or other clergy,

psychiatrist, psychologist, counselor, or therapist, caseworker/social worker, and house-

keeper/home health care provider). We utilize the Index of Qualitative Variation (IQV)

(Knoke and Yang, 2008) to construct the diversity measurement of social network. For

the ith respondent with N members in the network, where members are classified into K

categories, the IQV is defined as follows:

IQV =
1− Σk

j=1P
2
j

k−1
k

(1.1)

In which Pj is the percentage of members of network in the jth category. The IQV is a

standardized measure ranging between 0 and 1, where 0 indicates all N members are in one

category and 1 indicates members are equally dispersed across K categories.

1.3.4 Retirement and control variables

NSHAP contains demographic and socioeconomic information such as gender, age, ethnicity,

marital status, educational attainment, income, employment status (i.e., currently working,

retired, disabled, unemployed, homemaker, or other), etc. Dichotomous indicator is defined

to be 1 for retirement if the respondent reports retired and not working, the indicator is

0 otherwise. We focus on full retirement to capture the largest effect that retirement can

have on health. The NSHAP also includes respondent’s health behaviors like smoking and

drinking. Particularly, respondents were asked whether they smoke cigarettes currently and
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how many cigarettes they smoke per day, whether they currently drink alcohol and the

number of drinks they consume per day. In our empirical analysis, we control for these

observable characteristics.

1.3.5 Sample selection

We restrict the sample to sub-sample of healthy individuals before retirement event. Al-

though we lose many observations, we immune our findings from potential simultaneity

problem between retirement and health. There are several advantages for us to focus on

pre-retirement healthy individuals: first, it is less likely that health causes retirement for

these individuals (i.e., reverse causality is minimized). Second, the bias induced by unob-

servable confounding factors that simultaneously influence both health and retirement is also

minimized. Third, this sample selection strategy also protects our estimations from weak

instrument bias (more details will be provided in the empirical methodology section).

Likewise, this sub-sample selection helps minimize the bias caused by the possible endo-

geneity of social network as well. Remarkably, social network involvement might not only

be disturbed by health problems, but also be changed by retirement. Focusing on the sub-

sample of healthy individuals before retirement guarantees bad health does not interfere the

social network changes. In particular, individuals are defined as healthy if they report good,

very good or excellent as their self-report physical and mental health and have depression and

anxiety score less than 16 and 8, respectively.10 Consequently, our pre-retirement healthy

sub-sample include 1,160 individuals. Hence, we sacrifice the variation in observations for

the sake of validity of results and preventing bias and inconsistency in the estimations.

10CESD score lower than 16 implies no depression symptoms exist (Radloff, 1977) (Radloff, 1977). Also,
anxiety scores below 8 indicates no anxiety is diagnosed (Zigmond and Snaith, 1983)
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1.3.6 Summary Statistics

Table 2.1 provides data description and summary statistics of the variables in the selected

sub-sample of pre-retirement healthy individuals, and compares retirees vs. non-retirees.

According to Table 1, 45% of sample are retired who are on average significantly older

than non-retirees (i.e., 70 years old versus 66 years old).11 The mean of self-report physical

and mental health depicts that on average retired people are in worse health condition as

compare to non-retirees. This Table also indicates retirees on average experience higher

levels of depression and anxiety symptoms than non-retirees do.

According to this table, on average, retirees have lower income as compared to non-retirees.

With regards to health behaviors, retirees drink alcohol less than non-retirees on average,

whereas no significant difference exist between these two groups in terms of smoking. While

retirees on average seem to have larger social network with higher frequency of contacts and

lower diversity in their network as compare to non-retirees’ social network, no significant

differences exist on these characteristics among the two groups.

Some limitations in the data set prevent us from a comprehensive investigation of the ef-

fects of social network. In particular, we have no information about the geographical dis-

tance between respondents and members, the form of communication between social network

members whether it is by mail, internet, in person, or by phone. Also, the lack of detailed

information on health condition and labor status of the social network members deprives

the opportunity for examination of potential interactive and spillover social effects. More-

over, although health insurance is a key variable in late life that influences both health and

retirement decision, we exclude it from our empirical analysis due to the lack of variations

in the sample. Particularly, more than 80% of the sample have health insurance in the first

two waves.
11This is according to our definition of retirement.
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1.4 Empirical Methodology

1.4.1 Retirement and Health

For simplicity, consider the following linear specification of health as a function of retirement

in equation (1.2):

Hit = α0 + cRit + α2Xit + µi + ϵit (1.2)

Rit = δ0 + δZit + δ2Xit + µi + νit (1.3)

Where, Hit is the health status of individual i at time t and Rit is retirement status of

individual i at time t. Xit denotes time-variant observable characteristics such as income,

marital status and health behaviors. µi indicates time-invariant unobservable characteristics

of individuals such as genetics, family background, and time preferences. ϵit and νit are

i.i.d error terms. We are interested in unbiased and consistent estimation of c which is a

challenging task due to reasons discussed earlier, i.e. the reverse causal relationship between

health and labor supply decision, and the existence of unobserved confoundings that influence

both health and retirement decision simultaneously.

Estimation of equation (1.3) as the first stage of the Instrumental Variables (IV) strategy

aims to account for endogeneity in retirement. The eligibility age for full entitlement Social

Security benefits (i.e., 65 years old) is a valid and relevant instrument. Accordingly, in

equation (2), we use Zit = 1(Age ≥ 65) as an exogenous source of variations in retirement. To

be a valid instrument, an instrument must be correlated to retirement (endogenous regressor)

and related to health outcomes only through the effect on retirement (i.e., corr(Zit, ϵit) = 0).

Well-documented literature exists about the sharp changes in retirement behavior around

this age (e.g., Ruhm, 1995; Coile and Gruber, 2000), which confirms this cutoff point should
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have the power to predict retirement decision. It is worth mentioning that an individual’s

health outcomes do not change substantially by officially turning one year older, even though

health gradually declines as people aged.

Empirical findings using NSHAP also provide evidence for the discrete changes in retirement

decision around the eligibility age for full Social Security benefits. Fig.1.1a presents the jump

in retirement behavior at 65 years old, while Fig.1.1b confirms the self-report health does

not necessarily decrease around this point. Therefore, eligibility age for full Social Security

benefits is a valid and relevant instrument. Fixed-effect regression estimation of equation

(1.3) as the first stage shows that reaching 65 years old is significantly associated with a

75 percentage-point increase in retirement for the pre-retirement healthy individuals sub-

sample.

In addition to endogeneity, addressing the heterogeneity effect is also essential. Due to

various job characteristics and socioeconomic background, some individuals may experience

better health after retirement, while others may experience no changes or deterioration

on health upon retirement. Besides, heterogeneity in health investment behaviors might

be another source of variations in health after retirement (Grossman, 1972). According to

Grossman’s model, health is both investment and consumption goods. Upon retirement, with

no incentive to invest in health to increase productivity and thus earnings, individuals may

not sufficiently invest in their health , which lead to poor health post-retirement. However,

health as a consumption good directly enters the utility function and retirees may invest

more in it, which results in better health post-retirement.

Failing to consider these individual heterogeneity leads to inconsistent and bias estimation

of retirement’s impact on health. Using a vast set of controls cannot fully purge out the bias

of heterogeneity and unobserved selection. Exploiting the panel nature of data allows for

applying individual fixed effects (FE) method that controls for all unobserved time-invariant
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heterogeneity across individuals. Although using IV can help to minimize the endogeneity

bias, full retirement age for eligibility of Social Security benefit might be a weak instrument

for prediction of retirement because individuals retire all the time during the life span (i.e.,

even after full retirement age). For instance, including individuals who retired after 65

years old due to health problems results in overestimation of retirement’s impact on health.

To avoid the bias and inconsistency of estimations, we restrict the sample to pre-retirement

healthy individuals to assure that irrelevant sample selection do not contaminate our results.

For healthy individuals before retirement, retirement is less likely to be endogenous to health

through unobservable factors and reverse causality. Therefore, we capture the causality of

retirement on subsequent health by applying the FE-IV approach on equations (1.2) and

(1.3) to the sub-sample of healthy individuals before retirement.

1.4.2 Mediation effect of social network

We are particularly interested in the mediation effect of social network on post-retirement

changes in health. It is necessary here to clarify exactly what is meant by mediation. We

seek to find how retirement exerts its effect on health outcomes through social network

characteristics.

According to Fig.1.2, two pathways exist for retirement to influence health, the direct and

indirect effect. The direct effect refers to the pathway from retirement to health without

passing through social network. While the indirect effect refers to the pathway from retire-

ment to health through social network. If retirement alters the social network characteristics

(e.g., lost the contact with colleagues or raising opportunity to engage in different social ac-

tivities), and social network impacts individual’s health, then social network would be a

health policy instrument that can be used for intervention in promoting elderly’s health.
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The corresponding econometric model is as follows:12


SNWit = α0 + aRit + α1Xit + µi + νit

Hit = β0 + cnetRit + bSNWit + β1Xit + µi + ϵit

(1.4)

Where, SNWit refers to a specific social network characteristic (i.e., size, frequency of con-

tacts, or diversity), and the rest of the variables are as defined previously. νit and ϵit present

the i.i.d error term in each equation, respectively.

We follow the revised method of Baron and Kenny (1986) by Zhao et al. (2010) for mediation

analysis. According to Barron and Kenny (1986), the multiplication of a and b is the social

network mediation on the health impact of retirement, and cnet is the direct impact of

retirement on health holding social network variable constant. Therefore, the summation of

cnet and a × b indicates the total effect of retirement on subsequent health. To tackle the

endogeneity problem, we apply the FE-IV approach to each equation using the sub-sample

of pre-retirement healthy individuals.

For policy making, it would be interesting to know if any of the social network characteris-

tics drives the mediation more than the other two or if all three contribute to it similarly.

Even though the social network characteristics are correlated with each other, no theoretical

reason- to the best of our knowledge- exists to support the causality link between them.

Parallel mediation analysis presented in Fig. 1.3 is a method to compare magnitudes of the

indirect effects while allows for the correlations among the mediators. As shown in Fig.1.3,

the absence of any arrows linking the mediators (i.e., social network characteristics) assumes

no causality link exist between them.

The corresponding econometric model to Fig.1.3 is defined as follows:

12The mediation analysis models first introduced in 1986 by Baron and Kenny (1989) and developed
further with less restrictive assumptions in later years, i.e., Zhao et. al., 2010.
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or,

Y = β + aRit + BSNWit + αXit + l4µi + ν (1.6)

Where all variables are similar to those defined previously in equations (1.3) and (1.2). Sizeit

refers to social network size of individual i at time t, Frequencyit indicates the frequency of

contacts of individual i with members of her social network at time t, and Diversityit refers

to diversity index (i.e., IQV) for an individual i at time t.

According to Fig.1.3, we have three different indirect effects of retirement on health such

that each one passes through one social network characteristic (a1× b1, a2× b2, and a3× b3).

The sum of the three indirect effects and the direct effect of retirement gives the total effect

of retirement on health.

1.5 Empirical Results

1.5.1 Total effect of retirement

The first set of analysis examines the total impact of full retirement on subsequent health.

Table 1.2 presents the total effect of retirement on self-reported physical health, mental

health, depression, and anxiety by FE-IV estimation of equation (1.3) and equation (1.2)
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as the first stage. This evidence shows, in line with the findings in Dave et al. (2008), that

retirement generates a significant adverse effect on physical health, depression, and anxiety

in elderly, with no effect on self-reported mental health. However, the primary focus of this

study is to reveal how social network can mediate the effect of retirement on subsequent

health.

1.5.2 Single mediation analysis

Estimation results of the single mediation model (i.e., Fig. 1.2) are shown in Tables 3 and 4.

Each panel of the tables provides results for a specific health outcome, and each row presents

the coefficient estimation of equations in system (1.4) considering one specific social network

feature as the mediator variable.

We first explain how retirement affects social network features. In Tables 1.3 and 1.4, “a”

refers to the estimation of retirement’s impact on the size, frequency, and diversity of social

network (corresponding to “a” in Fig. 1.2), separately. The result shows that retirement

significantly reduces the size of social network and frequency of contacts (Sugisawa et al.,

1997), while it has no significant impact on diversity in one’s network.

As shown in the third column of these tables, none of the health outcomes appeared to

be affected by different features of social network (i.e, b=0)- after controlling for the time-

invariant effects.13 Even if social network does not generate a significant direct impact on

health, it could still perform as a mediator on the impact of retirement on health. As a

matter of fact, according to Zhao et al. (2010), it is not necessary to have a significant

a or b to establish a mediation effect, instead, the distribution of their products matters

13In Appendix , Table A.1 shows a highly significant impact of social network on health outcomes using
OLS estimation which does not control for the time-invariant confounding, i.e., unobservable time-invariant
confounding are the factors affecting both social network and health here.
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for the existence of mediation effect. We obtain the empirical distribution of a×b using

bootstrapping to calculate the standard errors and find that it is significant at the 95%

level.

The fourth column display the mediatory effect of social network features on the path from

retirement to health. As we see, the social network plays a significant mediatory role with the

highest impact of size in comparison to the other two features. Remarkably, size shrinkage

explains 43% (i.e., 0.093
0.280

) of reduction in physical health caused by retirement, frequency of

contacts explains around 8% of it, while the mediatory impact of diversity is less than 1%.

Mental health: The adverse direct effect of retirement is canceled out by its indirect effect

through social network features and as a result, the total effect of retirement on mental

health is not significant.

Depression: social network size reduction explains 0.234
0.962

= 24% of the increase in depression

upon retirement. Using the frequency of contacts, we find no mediatory effect, and diversity

reflects less than 1 percent of increment in depression post-retirement. Thus, the size of

retiree’s social network explains the highest adverse effect of retirement on depression as

compared to the other two features.

Anxiety: interestingly, findings show that reduction in social network size and frequency

of contacts upon retirement significantly contribute to the mitigation of anxiety. This can

be explained by the concept of social anxiety in elderly or negative impact of social net-

work involvements that is discussed earlier. Social anxiety implies elderlies in contact with

others often feel they are a burden on the life of people surrounding them. However, the

magnitude of anxiety reduction through social network size (frequency of contacts) is about

2% (6.7%).The marginal reduction in diversity on social network by retirement significantly

contributes to the increment of anxiety feelings. However, the magnitude is small. The
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direct impact of retirement on anxiety dominates the beneficial mediatory effect of social

network characteristics and leads to overall higher anxiety symptoms in retirees as compared

to non-retirees.

The last column of Tables 1.3 and 1.4 shows that the direct effect of retirement is significant

on all health outcomes ( cnet ̸= 0) except mental health. The nonzero direct impact of retire-

ment on health might be due to all the other mechanisms through which retirement might

influence health such as financial hardships, health insurance coverage, lifestyle changes, etc.

In summary, simple mediation analysis suggests social network as a significant channel that

influences physical and mental health upon retirement. In the next section, we consider the

mediatory effects of all three social network features simultaneously in the model.

1.5.3 Parallel mediation analysis

According to Fig. 1.3, retirement is modeled to exert its effect on health through 4 pathways.

One pathway is direct, from retirement to health without passing through any of the proposed

social network mediators, and the other three pathways are indirect, each through one feature

of social network. The estimation results corresponding to Fig. 1.3 (i.e., system of equations

in (1.5)) are shown in Table 1.5. These parallel analyses shed more light on the social network

mechanism for the post-retirement deterioration in health.

In the first row of Table 1.5, we see that retirement significantly deteriorates physical health,

ceteris paribus- holding social network variables and all other explanatory variables constant.

The mediation coefficient estimation of social network size implies that retirees are likely to

have worse physical health than non-retirees due to a smaller social network size at the

same levels of frequency of contacts and diversity. Particularly, size shrinkage explains

45.3% of reduction in self-reported physical health among retirees, while holding frequency
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of contacts and diversity constant. In contrast, retirees are estimated to have better physical

health in comparison to non-retirees through the effect of retirement on the frequency of

contacts/diversity, holding size, and everything else constant. In contrast to single mediation

analysis, the parallel mediation analysis reflects that with the same social network size and

diversity, higher frequency of contacts is associated with worse physical health outcome.

Overall, the adverse mediatory effect of size dominates the impact of the other two features

of social network.

As expected, no direct effect of retirement on subsequent mental health is observed in the

parallel mediation, while the indirect effects through social network mediators are significant

with the effect from size being the highest. Remarkably, parallel mediation estimation reveals

that the reduction of frequency of contacts upon retirement reduces mental health in contrast

to single mediation estimations. It reflects the importance of considering the correlation

between the social network features in the analysis rather than assessing them in isolation

from the other related features. We observe similar patterns in direct and indirect effects

of depression to physical health. In particular, about 44.8% increase in depression after

retirement is explained by the reduction in the size of social network, holding frequency of

contacts and diversity constant.

In contrast with simple mediation analysis, smaller social network size is associated with

higher levels of anxiety post-retirement, holding the frequency of contacts and diversity of

network constant. The size of social network contributes to the increase in anxiety in retirees

by 5.1%. Whereas, the frequency of contacts and diversity estimation show similar effects to

single mediation analysis in the parallel system. Also, similar to single mediation analysis,

frequency of contact has the largest mediatory impact on retiree’s anxiety. Overall impact of

retirement through altering social network characteristics appears to be effective for anxiety

reduction.
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Comparing the mediatory effects of social network features across health outcomes, we find

that size of social network generates the largest effect in comparison to the other two features

for health outcomes except for anxiety for which frequency of contacts have the largest

absolute mediatory effect. According to the last column of Table 5, retirement deteriorates

physical health, increases depression, and improves mental health and anxiety through its

influence on social network features. Noticeably, the harm to physical health and depression

induced by social network alterations upon retirement is much larger than its beneficial

impact on anxiety and mental health,. These results imply that adverse health impacts

post-retirement can be curbed by improving social network of retirees.

1.6 Discussion

Different conceptual theories in psychology and sociology address how social network influ-

ences health or vice versa (e.g., Israel, 1982), while no study empirically investigates the

effect of health on social network. Yet, health might be a potential factor affecting network

formation since the formation of social network is not random (Moffitt et al., 2001; Brock

and Durlauf, 2001). For instance, healthier people are more likely to socialize and have more

social connections. Besides, individuals’ heterogeneity, such as time preferences and per-

sonality, might simultaneously contribute to the extent of social network involvement and

health conditions. For example, extrovert people are more likely to participate in different

social activities, meanwhile they are less likely to have depressive symptoms. Although dis-

entangling the causal effect of social network on health suffers similar identification problems

as health and retirement, the source of endogeneity is less severe for elderly.

According to socioemotional selectivity theory (SST) (Carstensen, 1991), as people age, they

focus on enriching and maintaining the existing relationships rather than investing in new
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ones. That is, the effect of unobservables on the elderly’s health is less likely to influence their

social network formation, meaning that unobservable confounding factors are not significant

matter of endogeneity between health and social network in this population. As we limit the

sample to healthy individuals before retirement event, we further assure that health does not

interfere the changes in social network post-retirement as well (i.e., no reverse causality).

Furthermore, an implicit time lag between health measurements and social network infor-

mation collection in NSHAP provides a temporal exogeneity by which the current health

is less likely to alter the social network structure in the past for elderly. Individuals were

asked about their social network details during the past 12 months, while the health rele-

vant questions are related to the past week. Thus, reverse causality is less source of concern

in this study. However, we acknowledge that this study is limited by lack of information

for developing a valid and relevant instrument for social network to sufficiently tackle the

endogeneity of health and social network.

1.7 Policy Implications

Evidence provided by this study has important policy implications. According to our find-

ings of post-retirement deterioration in physical and increment in depression and anxiety,

increasing retirement age might be a prudent policy. This policy not only assures delaying

Social Security trust fund depletion but also reduces health care expenditure by postponing

poor health outcomes in the affected population.

The key message in this study is that considering the health challenges caused by popula-

tion aging, social capital (in the form of social network) is a key policy instrument for health

promotion in the elderly. Investing in the social capital of the elderly would curb the nega-

tive health effect post-retirement, even if the retirement eligibility age remains unchanged.
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Our findings reveal that 43% of total deterioration in physical health after retirements is

attributed to the drop in the number of people in the social network of retirees. Even if we

simultaneously control for the other social network features, this amount remains to be large

at 45.3 %.

Enriching social network in elderly can also ameliorate the depression symptoms after retire-

ment. Our finding indicates that significant portion (i.e., 24% in single mediation analysis

and 44.8% in parallel mediation estimation) of increment in post-retirement depression hap-

pens due to a reduction in social network size. Although reduction in social network size

and frequency of contacts are found to improve anxiety feelings, studies show that negative

impact of social network involvement on health outcomes happens less often than positive

and supportive interactions (Rook, 1998).

Therefore, interventions that target promoting different aspects of the elderly’s social capital

buildup are promising ones to allocate resources into, aiming to improve elderly’s health.

Particularly, the government can improve health of the elderly by investing in their social

capital. For example, one effective policy is to provide education on technologies that can

minimize social network size shrinkage in retirees. Also, the government can directly provide

subsidies to promote the elderly’s social capital enrichment, for instance, by organizing

community elderly activities targeting groups that share similar prior occupations, or by

providing funding to stimulate community participation through voluntary organizations

and community groups.

1.8 Conclusions

In this study, we investigate how retirement can impact health through altering social net-

work characteristics, including size, diversity, and frequency of contacts. First we estimate
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the health impact of retirement using the FE-IV method on pre-retirement healthy individ-

uals in NSHAP data set. Then, we investigate the mediatory role of social network on the

health impact of retirement. We investigate the mediatory effect of social network character-

istics in single and parallel mediation model specifications, separately. The parallel analysis

has the advantage of accounting for possible dependence and correlation between different

social network features, while single analysis considers one social network feature at a time.

Estimations reveal a statistically significant negative effect of retirement on physical health,

depression, and anxiety, with no significant effect on mental health. Findings uncover that

retirees not only have fewer members in their social network but also have less frequent

contacts with members as compared to non-retirees. Due to the association of social network

and health, differences in social network of retirees and non-retirees explain a substantial

amount of disparities in health outcomes between the two groups. Our findings indicate

that a considerable portion of retirement’s impact on health is mediated by social network

changes.

In particular, single mediation identification suggests that 43% of depreciation in physical

health and 24% of increment in depression post-retirement can be explained by the reduction

in social network size. Whereas, in the parallel identification which holds the other social

network features constant, the corresponding portions of the effects of social network size

reduction on negative physical health outcome and depression upon retirement become 45.3%

and 44.8%, respectively. We find that social network changes upon retirement might be

beneficial for anxiety in retirees as compared to non-retirees. Retirement reduced anxiety

through reduction in social network size and frequency of contacts which can be explained

by social anxiety concept in elderly. However, this beneficial impact of social network size

reduction on lessening anxiety is not comparable with the large harms it imposes on physical

health and depression.
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We find social network changes due to important lifestyle change after retirement and can be

utilized as an effective policy instrument to buffer the adverse health outcomes of retirement.

The adverse impact of retirement on health outcomes suggests that increasing retirement

age might be a suitable policy to decrease the burden on health care services and increase

Social Security trust fund sustainability. Social network based interventions that target

social capital buildup of the elderly might be desirable for healthy aging. For instance, the

government can provide subsidies for organizing and establishing different community events

to stimulate social capital buildup for the elderly.

Understanding the underlying mechanisms of how social network can mediates the adverse

effect of retirement on health calls for more detailed information about the structure of social

network of the elderly. This will be investigated in a future project as more social network

data becomes available.

1.9 Figures and Tables

(a) Retirement behavior on different ages (b) Average self-report health on different ages

Figure 1.1: Retirement and health behavior of different ages. Higher health score means better
self-report health.
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Figure 1.2: Single mediation model of social network on the relationship between retirement
and health

Figure 1.3: Parallel mediation model of social network on the relationship between retirement
and health
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Table 1.1: Summary statistics and data description of sub-sample of study

Not-retired Retired Total Difference Mina Maxb

Employment Status
Retirement 0 1 0.45 -1 0 1

(0.49)
Health
Physical Health 3.89 3.51 3.8 0.38*** 1 5

(0.76) (1.00) (0.84) (0.08)
Mental Health 4.19 3.98 4.14 0.20*** 1 5

(0.72) (0.83) (0.75) (0.08)
Depression 12.88 13.93 13.13 -1.05*** 11 29

(1.96) (3.16) (2.34) (0.23)
Anxiety 2.39 3.48 2.65 -1.08*** 0 14

(2.23) (3.18) (2.53) (0.25)
Demographics
Age 66.24 69.95 67.12 -3.70*** 57 90

(6.01) (6.02) (6.21) (0.61)
Female 0.46 0.44 0.46 0.02 0 1

(0.50) (0.50) (0.50) (0.05)
Married 0.73 0.67 0.72 0.06 0 1

(0.44) (0.47) (0.45) (0.05)
White 0.85 0.83 0.84 0.02 0 1

(0.36) (0.38) (0.36) (0.04)
Asian 0.05 0.05 0.05 -0.01 0 1

(0.21) (0.23) (0.21) (0.02)
High education 0.75 0.74 0.75 0 0 1

(0.44) (0.44) (0.44) (0.04)
High income 0.88 0.81 0.86 0.06* 0 1

(0.33) (0.39) (0.35) (0.03)
Health Behaviors
Alcohol consumption 0.69 0.59 0.67 0.09** 0 1

(0.46) (0.49) (0.47) (0.05)
Number of drinks 1.3 1.09 1.25 0.22 0 15

(1.51) (1.16) (1.44) (0.15)
Smoking cigarette 0.11 0.09 0.1 0.02 0 1

(0.31) (0.28) (0.31) (0.03)
Social Network
Size 9.46 9.52 9.48 -0.05 2 18

(3.08) (3.18) (3.10) (0.31)
Frequency of Contacts 14.85 15.63 15.03 -0.79 2 31.3

(5.15) (5.65) (5.28) (0.53)
Diversity 0.67 0.64 0.66 0.03 0 0.95

(0.19) (0.21) (0.20) (0.02)

Observations 633 537

Note: This Table reports the summary statistics of the sub-sample of healthy (healthy

in self-reported physical and mental health, no depression, and no anxiety) individuals

before retirement. Retired refers to individuals who reported retired and not working. a:

Min denotes the minimum values of each variable.b: Max denotes the maximum values

of each variable. Standard deviations are in parentheses. For some variables, the actual

sample size is less due to missing information and because some of the variables are in the

leave-behind questioners. Asterisks present that the difference between the retired and

non-retired samples is statistically significant as follow, * p<0.10, ** p<0.05, *** p <0.01.
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Table 1.2: FE-IV estimation of total impact of retirement on subsequent health outcomes

Physical Health Mental Health Depression Anxiety

Retirement -0.280*** -0.067 0.962*** 1.320***

(0.08) (0.08) (0.30) (0.32)

Observations 1018 1012 1016 966
Note: Each cell presents the total effect of retirement on corresponding health

outcomes using the Fixed-Effect Instrumental Variable estimation method. In

all analyses we control for health behaviors, marital status, and income levels.

Instrument is a dummy variable with value 1 if individual is older than 65

years old, and 0 otherwise. The sample is limited to pre-retirement healthy

individuals in all these four health outcomes. Table A.2 in Appendix A reports

the detailed estimation results. Robust individuals-clustered standard errors

are in parenthesis. The significance level is defined as follows: *** significant

at the 1% level; ** significant at the 5% level; * significant at the 10% level.
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Table 1.3: Single mediation analysis: FE-IV estimation of mediatory impact of social network
characteristic on retirement’s effect on physical and mental health

Retirement impact Social Network Mediation impact Direct effect of

on SNW impact on Health of SNW retirement on health

Physical Health a b a× b cnet

Size -4.300*** 0.021* -0.093** -0.188*
(0.424) (0.011) (0.003) (0.110)

Frequency -2.739*** 0.006 -0.017** -0.264***
(0.517) (0.007) (0.001) (0.088)

Diversity -0.035 -0.042 0.001** -0.282***
(0.023) (0.149) (0.000) (0.081)

Observations 1018

Mental health a b a× b cnet

Size -4.244*** -0.023** 0.099*** -0.167
(0.428) (0.011) (0.002) (0.112)

Frequency -2.664*** -0.005 0.013** -0.081
(0.523) (0.007) (0.001) (0.090)

Diversity -0.035 -0.191 0.007** -0.074
(0.024) (0.151) (0.001) (0.083)

Observations 1012
Note: Each row reports the Fixed-Effect Instrumental Variable estimation results of equations corresponding

to Fig. 1.2. The sample is limited to pre-retirement healthy individuals in all these four health outcomes.

Instrument is a dummy variable with value 1 if individual is older than 65 years old, and 0 otherwise. Tables

A.3 and A.4 in Appendix A report the detailed estimation results. Robust individuals-clustered standard

errors are in parenthesis. The significance level is defined as follows: *** significant at the 1% level; **

significant at the 5% level; * significant at the 10% level.
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Table 1.4: Single mediation analysis: FE-IV estimation of mediatory impact of social network
characteristic on retirement’s effect on depression and anxiety

Retirement impact Social Network Mediation impact Direct effect of

on SNW impact on Health of SNW retirement on health

Depression a b a× b cnet

Size -4.304*** -0.053 0.234** 0.733*
(0.424) (0.042) (0.006) (0.409)

Frequency -2.747*** -0.001 0.003 0.961***
(0.517) (0.027) (0.003) (0.328)

Diversity -0.036 0.450 0.016** 0.978***
(0.023) (0.553) (0.001) (0.301)

Observations 1016

Anxiety a b a× b cnet

Size -4.334*** 0.007 -0.034** 1.350***
(0.440) (0.045) (0.010) (0.438)

Frequency -2.775*** 0.033 -0.089** 1.412***
(0.532) (0.029) 0.000 (0.350)

Diversity -0.038* -0.374 0.013** 1.306***
(0.023) (0.620) (0.002) (0.324)

Observations 966
Note: Each row reports the Fixed-Effect Instrumental Variable estimation results of equations corresponding

to Fig. 1.2. The sample is limited to pre-retirement healthy individuals in all these four health outcomes.

Instrument is a dummy variable with value 1 if individual is older than 65 years old, and 0 otherwise. Tables

A.5 and A.6 in Appendix A report the detailed estimation results. Robust individuals-clustered standard

errors are in parenthesis. The significance level is defined as follows: *** significant at the 1% level; **

significant at the 5% level; * significant at the 10% level.
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Table 1.5: Parallel mediation analysis: FE-IV estimation of mediatory impact of social
network characteristics on retirement’s effect on physical and mental health

Health Mediation effects

Outcomes Size Frequency Diversity Total

cnet a1 × b1 a2 × b2 a3 × b3 indirect effect

Physical health -0.174* -0.127** 0.013** 0.007** -0.106**
(0.097) (0.002) (0.001) (0.000) (0.002)

Mental health -0.168 0.117** -0.018** 0.002** 0.101**
(0.118) (0.002) (0.001) (0.000) (0.002)

Depression 0.661* 0.431** -0.096** -0.033** 0.302**
(0.400) (0.007) (0.003) (0.001) (0.004)

Anxiety 1.355*** 0.067** -0.118** 0.017** -0.034**
(0.455) (0.009) (0.003) (0.001) (0.005)

Note: Each row reports the Fixed-Effect Instrumental Variable estimation results of

equations corresponding to Fig. 1.3. The sample is limited to pre-retirement healthy

individuals in all these four health outcomes. Instrument is a dummy variable with

value 1 if individual is older than 65 years old, and 0 otherwise. Tables A.7, A.8, A.9,

and A.10 in Appendix A report the detailed estimation results. Robust individuals-

clustered standard errors are in parenthesis. The significance level is defined as

follows: *** significant at the 1% level; ** significant at the 5% level; * significant

at the 10% level.
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Appendix A

(First Chapter Appendix)

Table A.1: Ordinary Least Square estimation of impact of social network characteristics on
health outcomes

Physical Health Mental Health Depression Anxiety

Sizea 0.031*** -0.018* -0.077** -0.04
(0.01) (0.01) (0.03) (0.04)

Frequencyb -0.016** 0.004 0.034* 0.007
(0.01) (0.01) (0.02) (0.02)

Diversityc -0.162 0.147 0.336 0.212
(0.15) (0.14) (0.47) (0.48)

Female 0.135** -0.031 0.179 0.177
(0.06) (0.05) (0.19) (0.20)

Age -0.010** -0.006 0.054*** 0.065***
(0.00) (0.00) (0.01) (0.01)

High Educationd 0.133** 0.128** -0.096 -0.431*
(0.06) (0.06) (0.20) (0.22)

Income 0.080*** 0.094*** -0.102 0.003
(0.03) (0.03) (0.10) (0.11)

Marriede 0.11 -0.045 -0.596** 0.376
(0.07) (0.06) (0.24) (0.23)

Number of drinks 0.060*** -0.001 0.008 -0.101
(0.02) (0.02) (0.06) (0.06)

Smoking cigarette -0.026 -0.139* 0.181 0.238
(0.09) (0.08) (0.35) (0.30)

Constant 3.979*** 4.316*** 10.175*** -1.321
(0.34) (0.33) (1.04) (1.18)

Observation 1018 1012 1016 966
Note: This Table reports the OLS estimation results of social network characteristics on

different health outcomes.a Size refers to the number of members in the individual’s social

network. b Frequency refers to the frequency of contacts with members of one’s social

network. c Diversity refers to diversity in the types of relationships in individual’s social

network that is measured by Index of Qualitative Variation (IQV). d Education levels

equal to some college or higher is considered as high education. e Married is a dummy

variable that takes value of 1 if individual is married, and 0 otherwise. The sample is

limited to pre-retirement healthy individuals in all these four health outcomes. Robust

individuals-clustered standard errors are in parenthesis. The significance level is defined

as follows: *** significant at the 1% level; ** significant at the 5% level; * significant at

the 10% level.
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Table A.2: FE-IV estimation of total impact of retirement on health outcomes

Physical Health Mental Health Depression Anxiety

Retirementa -0.280*** -0.067 0.962*** 1.320***
(0.07) (0.09) (0.28) (0.31)

Income -0.007 -0.071 0.032 0.387**
(0.04) (0.04) (0.15) (0.15)

Marriedb 0.12 0.251** -2.220*** -0.853
(0.12) (0.13) (0.56) (0.58)

Number of drinks 0.044* 0.036 -0.167 -0.13
(0.03) (0.03) (0.11) (0.09)

Smoking cigarette 0.194 -0.186 -1.077* -1.103
(0.23) (0.18) (0.61) (0.80)

Constant 3.686*** 4.123*** 14.826*** 2.514***
(0.14) (0.16) (0.57) (0.60)

Observations 1018 1012 1016 966
Note: This Table reports the Fixed-Effect Instrumental Variable estimation of retirement

on health outcomes. Instrument is a dummy variable with value 1 if individual is older

than 65 years old, and 0 otherwise.a Retirement is 1 if the individual reports retired and

not working, and 0 otherwise. b Married is a dummy variable that takes value of 1 if

individual is married, and 0 otherwise. The sample is limited to pre-retirement healthy

individuals in all these four health outcomes. Robust individuals-clustered standard errors

are in parenthesis. The significance level is defined as follows: *** significant at the 1%

level; ** significant at the 5% level; * significant at the 10% level.
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Table A.3: Single mediation analysis: FE-IV estimation of mediatory impact of social net-
work characteristic on retirement’s effect on physical health

Sizea Physical Health Frequencyb Physical Health Diversityc Physical Health

Retirement -4.300*** -0.188* -2.739*** -0.264*** -0.035 -0.282***
(0.42) (0.11) (0.52) (0.09) (0.02) (0.08)

Size 0.021*
(0.01)

Frequency 0.006
(0.01)

Diversity -0.042
(0.15)

Income 0.35 -0.015 0.162 -0.008 0.007 -0.007
(0.22) (0.04) (0.27) (0.04) (0.01) (0.04)

Marriedd 0.529 0.109 2.619*** 0.104 0.099*** 0.124
(0.66) (0.12) (0.80) (0.13) (0.04) (0.13)

Number of drinks 0.084 0.042 0.025 0.044 -0.005 0.044
(0.16) (0.03) (0.19) (0.03) (0.01) (0.03)

Smoking cigarette -0.065 0.196 -0.136 0.195 0.107** 0.199
(0.86) (0.16) (1.05) (0.16) (0.05) (0.17)

Constant 8.271*** 3.509*** 12.796*** 3.608*** 0.568*** 3.710***
(0.80) (0.20) (0.98) (0.19) (0.04) (0.18)

Observations 1018 1018 1018 1018 1018 1018
Note: This Table presents the Fixed-Effect Instrumental Variable estimation results of single mediation equations correspond-

ing to Fig. 1.2. Instrument is a dummy variable with value 1 if individual is older than 65 years old, and 0 otherwise. For

instance, column 2 presents the estimation result of retirement on the size of social network and column 3 presents the esti-

mation of retirement and size of social network on physical health. a Size refers to the number of members in the individual’s

social network. b Frequency refers to the frequency of contacts with members of one’s social network. c Diversity refers

to diversity in the types of relationships in individual’s social network that is measured by Index of Qualitative Variation

(IQV). d Married is a dummy variable that takes value of 1 if individual is married, and 0 otherwise. The sample is limited

to pre-retirement healthy individuals in all health outcomes in this study. Robust individuals-clustered standard errors are

in parenthesis. The significance level is defined as follows: *** significant at the 1% level; ** significant at the 5% level; *

significant at the 10% level.
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Table A.4: Single mediation analysis: FE-IV estimation of mediatory impact of social net-
work characteristic on retirement’s effect on mental health

Sizea Mental Health Frequencyb Mental Health Diversityc Mental Health

Retirement -4.244*** -0.167 -2.664*** -0.081 -0.035 -0.074
(0.43) (0.11) (0.52) (0.09) (0.02) (0.08)

Size -0.023**
(0.01)

Frequency -0.005
(0.01)

Diversity -0.191
(0.15)

Income 0.313 -0.064 0.059 -0.071 0.008 -0.07
(0.22) (0.04) (0.27) (0.04) (0.01) (0.04)

Marriedd 0.574 0.264** 2.700*** 0.264** 0.098*** 0.269**
(0.66) (0.13) (0.80) (0.13) (0.04) (0.13)

Number of drinks 0.081 0.038 0.017 0.036 -0.005 0.035
(0.16) (0.03) (0.19) (0.03) (0.01) (0.03)

Smoking cigarette -0.037 -0.187 -0.089 -0.186 0.107** -0.165
(0.86) (0.17) (1.05) (0.17) (0.05) (0.17)

Constant 8.308*** 4.318*** 12.963*** 4.189*** 0.564*** 4.231***
(0.80) (0.20) (0.98) (0.20) (0.04) (0.18)

Observations 1012 1012 1012 1012 1012 1012
Note: This Table presents the Fixed-Effect Instrumental Variable estimation results of single mediation equations correspond-

ing to Fig. 1.2. Instrument is a dummy variable with value 1 if individual is older than 65 years old, and 0 otherwise. For

instance, column 2 presents the estimation result of retirement on the size of social network and column 3 presents the esti-

mation of retirement and size of social network on mental health. a Size refers to the number of members in the individual’s

social network. b Frequency refers to the frequency of contacts with members of one’s social network. c Diversity refers

to diversity in the types of relationships in individual’s social network that is measured by Index of Qualitative Variation

(IQV). d Married is a dummy variable that takes value of 1 if individual is married, and 0 otherwise. The sample is limited

to pre-retirement healthy individuals in all health outcomes in this study. Robust individuals-clustered standard errors are

in parenthesis. The significance level is defined as follows: *** significant at the 1% level; ** significant at the 5% level; *

significant at the 10% level.
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Table A.5: Single mediation analysis: FE-IV estimation of mediatory impact of social net-
work characteristic on retirement’s effect on Depression

Sizea Physical Health Frequencyb Physical Health Diversityd Physical Health

Retirement -4.304*** 0.733* -2.747*** 0.961*** -0.036 0.978***
(0.42) (0.41) (0.52) (0.33) (0.02) (0.30)

Size -0.053
(0.04)

Frequency -0.001
(0.03)

Diversity 0.45
(0.55)

Income 0.331 0.05 0.095 0.032 0.007 0.029
(0.22) (0.16) (0.27) (0.16) (0.01) (0.16)

Marriedd 0.555 -2.191*** 2.806*** -2.219*** 0.091** -2.261***
(0.67) (0.47) (0.81) (0.47) (0.04) (0.47)

Number of drinks 0.083 -0.163 0.032 -0.167 -0.005 -0.165
(0.16) (0.11) (0.19) (0.11) (0.01) (0.11)

Smoking cigarette -0.066 -1.081* -0.149 -1.077* 0.107** -1.125*
(0.86) (0.61) (1.05) (0.61) (0.05) (0.61)

Constant 8.306*** 15.268*** 12.828*** 14.833*** 0.574*** 14.567***
(0.80) (0.74) (0.98) (0.71) (0.04) (0.66)

Observations 1016 1016 1016 1016 1016 1016
Note: This Table presents the Fixed-Effect Instrumental Variable estimation results of single mediation equations correspond-

ing to Fig. 1.2. Instrument is a dummy variable with value 1 if individual is older than 65 years old, and 0 otherwise.

For instance, column 2 presents the estimation result of retirement on the size of social network and column 3 presents the

estimation of retirement and size of social network on Depression. a Size refers to the number of members in the individual’s

social network. b Frequency refers to the frequency of contacts with members of one’s social network. c Diversity refers

to diversity in the types of relationships in individual’s social network that is measured by Index of Qualitative Variation

(IQV). d Married is a dummy variable that takes value of 1 if individual is married, and 0 otherwise. The sample is limited

to pre-retirement healthy individuals in all health outcomes in this study. Robust individuals-clustered standard errors are

in parenthesis. The significance level is defined as follows: *** significant at the 1% level; ** significant at the 5% level; *

significant at the 10% level.
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Table A.6: Single mediation analysis: FE-IV estimation of mediatory impact of social net-
work characteristic on retirement’s effect on Anxiety

Sizea Mental Health Frequencyb Mental Health Diversityc Mental Health

Retirement -4.334*** 1.350*** -2.775*** 1.412*** -0.038* 1.306***
(0.44) (0.44) (0.53) (0.35) (0.02) (0.32)

Size 0.007
(0.05)

Frequency 0.033
(0.03)

Diversity -0.374
(0.62)

Income 0.338 0.385** 0.074 0.385** 0.008 0.391**
(0.23) (0.17) (0.28) (0.17) (0.01) (0.17)

Marriedd 0.636 -0.857* 2.673*** -0.941* 0.101*** -0.815
(0.69) (0.50) (0.83) (0.50) (0.04) (0.51)

Number of drinks 0.046 -0.13 -0.065 -0.128 -0.007 -0.132
(0.16) (0.12) (0.19) (0.12) (0.01) (0.12)

Smoking cigarette 0.081 -1.104* -0.183 -1.097* 0.104** -1.065
(0.90) (0.66) (1.09) (0.66) (0.05) (0.66)

Constant 8.240*** 2.456*** 13.048*** 2.083*** 0.568*** 2.726***
(0.82) (0.78) (0.99) (0.76) (0.04) (0.70)

Observations 966 966 966 966 966 966
Note: This Table presents the Fixed-Effect Instrumental Variable estimation results of single mediation equations correspond-

ing to Fig. 1.2. Instrument is a dummy variable with value 1 if individual is older than 65 years old, and 0 otherwise. For

instance, column 2 presents the estimation result of retirement on the size of social network and column 3 presents the esti-

mation of retirement and size of social network on Anxiety. a Size refers to the number of members in the individual’s social

network. b Frequency refers to the frequency of contacts with members of one’s social network. c Diversity refers to diversity

in the types of relationships in individual’s social network that is measured by Index of Qualitative Variation (IQV). d Married

is a dummy variable that takes value of 1 if individual is married, and 0 otherwise. The sample is limited to pre-retirement

healthy individuals in all health outcomes in this study. Robust individuals-clustered standard errors are in parenthesis. The

significance level is defined as follows: *** significant at the 1% level; ** significant at the 5% level; * significant at the 10%

level.
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Table A.7: Parallel mediation analysis: FE-IV estimation of mediatory impact of social
network characteristics on retirement’s effect on physical health

Sizea Frequencyb Diversityc Physical Health

Retirement -4.300*** -2.739*** -0.035 -0.174*
(0.35) (0.52) (0.02) (0.10)

Size 0.029**
(0.01)

Frequency -0.005
(0.01)

Diversity -0.205
(0.18)

Income 0.35 0.162 0.007 -0.016
(0.22) (0.27) (0.01) (0.04)

Marriedd 0.529 2.619*** 0.099** 0.137
(0.67) (0.76) (0.04) (0.12)

Number of drinks 0.084 0.025 -0.005 0.041
(0.18) (0.18) (0.01) (0.03)

Smoking cigarette -0.065 -0.136 0.107** 0.218
(0.63) (0.86) (0.05) (0.23)

Constant 8.271*** 12.796*** 0.568*** 3.620***
(0.80) (1.00) (0.05) (0.20)

Observations 1018 1018 1018 1018
Note: This Table presents the Fixed-Effect Instrumental Variable estimation

results of parallel mediation equations corresponding to Fig. 1.3 with physical

health as the outcome variable. Instrument is a dummy variable with value 1 if

individual is older than 65 years old, and 0 otherwise. Columns 2-4 presents the

FE-IV estimation of social network variables on the retirement, corresponding

to the paths in Fig. 1.3. a Size refers to the number of members in the

individual’s social network. b Frequency refers to the frequency of contacts

with members of one’s social network. c Diversity refers to diversity in the

types of relationships in individual’s social network that is measured by Index

of Qualitative Variation (IQV). d Married is a dummy variable that takes value

of 1 if individual is married, and 0 otherwise. The sample is limited to pre-

retirement healthy individuals in all health outcomes in this study. Robust

individuals-clustered standard errors are in parenthesis. The significance level

is defined as follows: *** significant at the 1% level; ** significant at the 5%

level; * significant at the 10% level.
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Table A.8: Parallel mediation analysis: FE-IV estimation of mediatory impact of social
network characteristics on retirement’s effect on mental health

Size a Frequencyb Diversityc Mental Health

Retirement -4.244*** -2.664*** -0.035 -0.168
(0.36) (0.53) (0.02) (0.12)

Size -0.028**
(0.01)

Frequency 0.007
(0.01)

Diversity -0.047
(0.18)

Income 0.313 0.059 0.008 -0.063
(0.22) (0.28) (0.01) (0.04)

Marriedd 0.574 2.700*** 0.098** 0.253*
(0.71) (0.78) (0.04) (0.13)

Number of drinks 0.081 0.017 -0.005 0.038
(0.18) (0.18) (0.01) (0.03)

Smoking cigarette -0.037 -0.089 0.107** -0.181
(0.61) (0.88) (0.05) (0.19)

Constant 8.308*** 12.963*** 0.564*** 4.290***
(0.80) (1.01) (0.05) (0.22)

Observations 1012 1012 1012 1012
Note: This Table presents the Fixed-Effect Instrumental Variable estimation

results of parallel mediation equations corresponding to Fig. 1.3 with mental

health as the outcome variable. Instrument is a dummy variable with value 1 if

individual is older than 65 years old, and 0 otherwise. Columns 2-4 presents the

FE-IV estimation of social network variables on the retirement, corresponding

to the paths in Fig. 1.3. a Size refers to the number of members in the

individual’s social network. b Frequency refers to the frequency of contacts

with members of one’s social network. c Diversity refers to diversity in the

types of relationships in individual’s social network that is measured by Index

of Qualitative Variation (IQV). d Married is a dummy variable that takes value

of 1 if individual is married, and 0 otherwise. The sample is limited to pre-

retirement healthy individuals in all health outcomes in this study. Robust

individuals-clustered standard errors are in parenthesis. The significance level

is defined as follows: *** significant at the 1% level; ** significant at the 5%

level; * significant at the 10% level.
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Table A.9: Parallel mediation analysis: FE-IV estimation of mediatory impact of social
network characteristics on retirement’s effect on depression

Size a Frequencyb Diversityc Depression

Retirement -4.304*** -2.747*** -0.036* 0.661*
(0.35) (0.52) (0.02) (0.40)

Size -0.100**
(0.05)

Frequency 0.035
(0.03)

Diversity 0.934
(0.64)

Income 0.331 0.095 0.007 0.056
(0.22) (0.27) (0.01) (0.15)

Marriedd 0.555 2.806*** 0.091** -2.347***
(0.69) (0.79) (0.04) (0.58)

Number of drinks 0.083 0.032 -0.005 -0.156
(0.18) (0.18) (0.01) (0.13)

Smoking cigarette -0.066 -0.149 0.107** -1.179*
(0.63) (0.86) (0.05) (0.61)

Constant 8.306*** 12.828*** 0.574*** 14.673***
(0.80) (1.00) (0.05) (0.84)

Observations 1016 1016 1016 1016
Note: This Table presents the Fixed-Effect Instrumental Variable estimation

results of parallel mediation equations corresponding to Fig. 1.3 with depres-

sion as the outcome variable. Instrument is a dummy variable with value 1 if

individual is older than 65 years old, and 0 otherwise. Columns 2-4 presents

the FE-IV estimation of social network variables on the retirement, corre-

sponding to the paths in Fig. 1.3. a Size refers to the number of members in

the individual’s social network. b Frequency refers to the frequency of contacts

with members of one’s social network. c Diversity refers to diversity in the

types of relationships in individual’s social network that is measured by In-

dex of Qualitative Variation (IQV). d Married is a dummy variable that takes

value of 1 if individual is married, and 0 otherwise. The sample is limited to

pre-retirement healthy individuals in all health outcomes in this study. Ro-

bust individuals-clustered standard errors are in parenthesis. The significance

level is defined as follows: *** significant at the 1% level; ** significant at the

5% level; * significant at the 10% level.
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Table A.10: Parallel mediation analysis: FE-IV estimation of mediatory impact of social
network characteristics on retirement’s effect on anxiety

Sizea Frequencyb Diversityc Anxiety

Retirement -4.334*** -2.775*** -0.038* 1.355***
(0.37) (0.55) (0.02) (0.46)

Size -0.015
(0.06)

Frequency 0.042
(0.04)

Diversity -0.43
(0.67)

Income 0.338 0.074 0.008 0.393**
(0.22) (0.28) (0.01) (0.16)

Marriedd 0.636 2.673*** 0.101** -0.913
(0.78) (0.86) (0.05) (0.61)

Number of drinks 0.046 -0.065 -0.007 -0.129
(0.18) (0.18) (0.01) (0.10)

Smoking cigarette 0.081 -0.183 0.104* -1.05
(0.67) (0.85) (0.06) (0.81)

Constant 8.240*** 13.048*** 0.568*** 2.331***
(0.84) (1.07) (0.05) (0.77)

Observations 966 966 966 966
Note: This Table presents the Fixed-Effect Instrumental Variable estimation

results of parallel mediation equations corresponding to Fig. 1.3 with anxiety

as the outcome variable. Instrument is a dummy variable with value 1 if

individual is older than 65 years old, and 0 otherwise. Columns 2-4 presents the

FE-IV estimation of social network variables on the retirement, corresponding

to the paths in Fig. 1.3. a Size refers to the number of members in the

individual’s social network. b Frequency refers to the frequency of contacts

with members of one’s social network. c Diversity refers to diversity in the

types of relationships in individual’s social network that is measured by Index

of Qualitative Variation (IQV). d Married is a dummy variable that takes value

of 1 if individual is married, and 0 otherwise. The sample is limited to pre-

retirement healthy individuals in all health outcomes in this study. Robust

individuals-clustered standard errors are in parenthesis. The significance level

is defined as follows: *** significant at the 1% level; ** significant at the 5%

level; * significant at the 10% level.



Chapter 2

Differential impact of social distancing

on COVID-19 spread in the US: by

rurality and social vulnerability

2.1 Introduction

By the end of July 2020, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has

infected more than 4.6 million individuals and caused more than 155,000 deaths in the US.

The outbreak is not only threatening the healthcare system globally but also devastating all

segments of the global economy such as high employment rate, sharp drop of GDPs, widened

disparities, etc. (Baker et al., 2020; Cajner et al., 2020; Coibion et al., 2020; Dunn et al., 2020;

Luo and Tsang, 2020). The current knowledge of the SARS-CoV-2 reveal that the virus is

easily transmitted via person-to-person contact and is sustained for an alarmingly long period

of time.1 In the absence of effective and safe vaccines and pharmacological solutions, social

distancing remains the most viable option to stop the speed of the pandemic. Therefore,

procedures that aim at minimizing people contact have been implemented worldwide as the

first line of defense such as emergency lock-downs of hot spots, none-essential businesses

closures, shelter-in-place and stay-at-home orders, etc. According to US Centers for Disease

1https://www.cdc.gov/coronavirus/2019-ncov/prevent-getting-sick/social-distancing.html
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Control and Prevention (CDC), all those procedures that achieve social distancing among

communities and throughout countries are the best way to prevent the spread of COVID-19.

The social distancing measure at individual level usually refers to the recommendation of

maintaining a minimum of 6-feet distance between each other when interacting face-to-face.

At a group level (i.e., community, county, State etc.), it generally contains a composite of

several physical mobility limitations: stay-at-home order and minimizing work and non-

work trips. There are other interventions implemented aiming at limiting social gatherings

through targeting restaurants, entertainment venues, and schools, etc. All those policies

intend to target the direct transmission channel of the virus with the obvious costs of economy

disruption.

Although the observed evidence all support the use of social distancing, there is limited

quantitative conclusion on how effective it is in fighting the spread of the virus. A few

studies have investigated the impact of various social distancing based interventions on the

spread of COVID-19 infection. In particular, a study finds that shelter-in-place order along

with closure of bars, restaurants and entertainment outlets on average reduces daily growth

rate of confirmed COVID-19 cases by 5.4% after 1–5 days, 6.8% after 6–10 days, 8.2% after

11–15 days, and 9.1% after 16–20 days across US counties (Courtemanche et al., 2020).

However, it has been recognized that it is difficult to establish causal inferences in this

context due to the presence of spatial and temporal confounders that influence the speed

of the spread simultaneously alongside with the social distancing (Courtemanche et al.,

2020). Examples of such confounders are: state/county specific prevention measures such

as requirement for wearing masks, restrictions on international and domestic travel, testing,

contact tracing, and local norms and perceptions towards social distancing, etc. There is a

significant heterogeneity in levels of compliance to social distancing directives throughout

the US and the distribution is shown to be correlated with local norms, perceptions, social-
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economic profiles and political leanings (Wright et al., 2020; Lou et al., 2020; Bodas and

Peleg, 2020).

A lot of these confounders are either unobserved or difficult to measure directly. In this study

we examine the impact of social distancing on the growth rate of daily confirmed COVID-19

cases at county level. To address the challenges of directly measuring and controlling con-

founders, we implement Spatial Durbin Models with county fixed-effects to indirectly control

for time-invariant and county-specific unobservables while accounting for spatial dependence

between counties. The spatial econometric model indirectly controls for spatial confounders

through recognizing the spatial contiguity of counties and through county level fixed effects.

The models acknowledge that infectious diseases, such as COVID-19, follow spatial patterns

i.e., the infection rates are correlated with geographic proximity and connectivity through

mobility among communities (Langford, 2002).

Furthermore, COVID-19 pandemic has been found to disproportionately hit the low income,

minority and vulnerable populations. Low-income sub-populations have exhibited lower

levels of compliance to social distancing due to occupation specific inflexibility (Wright et al.,

2020; Lou et al., 2020). Stay-at-home orders did not significantly alter work trip patterns for

essential businesses such as grocery stores, garbage collection, postal services, construction

work, etc. which account for majority of the low-income populations’ employment (Lou et al.,

2020; Drago and Miller, 2010). The lack of compliance to social distancing along with health

care access inequalities result in widened infection risk gaps across socio-economic and racial-

ethnicity subgroups (Link, 2008; Leclere et al., 1994). For example, recent research showed

that counties with higher minority population and lower socio-economic status experienced

significantly higher COVID-19 death and infection rates (Nayak et al., 2020).

To quantify the social distancing impact heterogeneity, this study conducts subgroup anal-

ysis to examine differences between urban vs. rural and between those areas with high
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vulnerability vs those areas with low vulnerability. This sensitivity analysis is motivated by

the fact that region-specific factors such as healthcare access, population density, racial/eth-

nicity composition can be quite different when examining urban vs. rural. For instance, rural

areas are characterized by sparse population and lower housing density in contradiction to

urban areas .2 Therefore it is not surprising that regional patterns of disease spreading and

social distancing compliance will be different. Similarly those differences are expected to be

observed in low versus high vulnerability areas, as characterized by the social vulnerability

index (SVI) provided by the CDC. The SVI for each US county takes into account commu-

nity level poverty, transportation access, disabilities and housing composition, among other

variables.3 It provides another way to examine potential subgroup differences of social dis-

tancing policy on the spread of COVID-19 beyond traditional dimension of mere population

size. Moreover, quantifying impact heterogeneity across areas may provide evidence for an

area-based customized policy over a “one-size-fits-all” approach.

Figure 2.1 shows cumulative infections at the beginning (left) and at the end of the study

period (right) for urban vs. rural counties. Figure 2.2 shows cumulative infections at the

beginning (left) and at the end of the study period (right) for high vs. low SVI counties.

As can be seen in these plots, the infected areas are highly spatially clustered, meaning

adjacent counties experience similar levels of infections. Therefore, conventional regression

models (e.g. Ordinary Least Squares) that impose independence assumption on observations

and ignore the spatial dependence among them will produce biased and inconsistent infer-

ences (Wooldridge, 2016). Another reason is that spatially adjacent counties are more likely

to share similar norms and perceptions which can include acceptance towards social distanc-

ing. Therefore in the context of infectious disease such as COVID-19 that is spread primarily

via close contact, it is important to quantify and disentangle direct effects (within county

2https://www.census.gov/library/stories/2017/08/rural-america.html
3https://svi.cdc.gov/index.html
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and feedback effects) and indirect effects (across counties spillover effects) for understanding

the value of coordinated efforts among neighboring counties.

In this study, we examine the impact of county-level social distancing compliance on the

county-level daily growth rate of confirmed COVID-19 cases. We implement spatial panel

data methods to indirectly control for time-invariant and county-specific confounding unob-

servables while accounting for spatial dependence between counties. Our goal is not only to

quantify the direct and indirect marginal effects of social distancing compliance in reducing

the growth rate in infections, but also to assess the disparity in marginal effects between

rural and urban areas, and between areas with high or low social vulnerability. Furthermore,

by examining quartiles along the social distancing compliance distribution, we investigate

the most effective levels of social distancing. Our analysis focuses on the time period cor-

responding to the first wave of COVID-19 U.S. pandemic which goes from mid-March till

mid-June. We chose this time period based on the fact that procedures such as social dis-

tancing are the first line of defense in the early phase and quantitative evidence is needed

for current and future infectious disease public health prevention and intervention.

Our findings support the importance of social distancing in slowing down infections during

the early phase of the pandemic. Notably, the spatial estimation uncovers significant spillover

effects on infection rate reduction in a typical county (i.e., rate reduction caused by social

distancing compliance in its neighboring counties) and provides support for multi-county

social distancing coordination efforts. Our results further reveal that those counties with

high social distancing index (SDI) (i.e., those with SDI level higher than the median of the

SDI distribution) on average experienced about 1.84% lower daily infection growth rates

compared to those counties with low SDI. This difference is larger when comparing urban

areas to rural ones (i.e., 1.88% rate differences), and even larger when comparing areas

with high vs. low social vulnerability index (i.e. 2.00% rate differences). Moderate level of
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social distancing is found to be most effective (i.e., generating the largest rate differences as

compared to those non-compliance counties) in rural and low SVI areas and contributes to

reduction in daily infection growth rate by 1.5% and 1.2%, respectively. Results of this paper

highlight the importance of collateral planning and coordinating with the geographically

adjacent counties in flattening the epidemic curve.

2.2 Data and Summary Statistics

We use data from the “COVID-19 Impact Analysis Platform” made publicly available by the

University of Maryland (UMD) (Zhang et al., 2020; Institute, 2020). This database provides

information on COVID-19 related infections, deaths, social and economic indicators, social

mobility, as well as testing and tracing information at a county level for the entire US on a

daily basis. Specifically, it includes daily number of newly confirmed COVID-19 infections,

cumulative death rate, number of active cases etc. It also provides several mobility and social

distancing measures such as population movement within and out of county, percentage of

residents staying at home, average number of all trips per person per day, daily average

person-miles traveled, daily percentage of all trips that cross county borders, percentage of

all trips that cross state borders per day, and daily social distancing index.

Furthermore, the UMD data set also contains the Social Distancing Index (SDI) developed

by the Maryland Transportation Institute (MTI) using a series of county-level mobility

measurements and changes compared to pre-COVID-19 levels, with highest weight given to

stay-at-home levels.4 The SDI provides a way to quantify the degree of residents’ compliance

to social distancing in a county. It is an integer between 0 (no social distancing at all) and

4SDI = 0.8*[% stay-at-home + 0.01*(100 - %stay-at-home)*(0.1*% reduction all trips + 0.2*% reduction
work trips + 0.4*% reduction non-work trips + 0.3*% reduction travel distance)] + 0.2*% reduction out-of-
county trips.
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100 (100% of the residents in the county follow social distancing). It is also important to

control for the counties’ virus exposure level and testing capacity so that the social distancing

effect is compared among counties with similar exposure and prevention efforts. Therefore,

we control in our models the following variables: number of COVID-19 tests done per 1000

people (with a 2 days lag) and number of residents already exposed to COVID-19 (with a

14 days lag).5

The outcome variable of interest is the daily growth rate of confirmed COVID-19 cases. If

a county had zero confirmed COVID-19 cases, we consider its infection growth rate as zero.

However, since explanatory variables are entered into the model with 14-day lag, our daily

growth rate of COVID-19 cases starts from late March when only 2% of the counties had

zero confirmed COVID-19 cases. Even though the death count is relatively more accurate

than the case incidence rate, we focus on studying the impact of the social distancing on

the growth rate of infections since the social distancing measures are meant to mainly slow

down the spread of the virus and not directly affect the death rate. Although the number

of cases correlates with the number of deaths, the death rate depends on a variety of other

factors as well such as age, comorbidities, access to health care, availability of hospital beds,

access to health insurance and ventilators etc.Guan et al. (2020)

The period of analysis starts on March 19 (i.e. the start of the lock down period), and ends on

June 12, 2020 (end of first wave). In order to avoid the linear and constant marginal impact

assumption when using the SDI as a continuous variable, we convert the SDI into discrete

categories. It is more informative to quantify the impact of SDI in a relative sense between

groups since there is no evidence to support the exact ‘optimal’ level of SDI. For example, a

binary version of SDI would measure the extent to which more compliant counties do better

in terms of slowing down the infection rates compared to counties that are less compliant.

5Please see the detail justification of the lag choices in the last paragraph of this section
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Based on these reasons, we examine two relative measures of SDI. First, we use a dummy

variable that indicates whether or not the county’s SDI level is greater than the median of

the SDI distribution of all U.S. counties. To facilitate readability, counties located in the

upper 50% of SDI distribution are called ‘compliant counties’ and in the bottom half of the

distribution are called ‘non-compliant counties’. To further explore nonlinear impact of SDI

and facilitate policy-making, we group counties by SDI quartiles and represent those quartile

indicators in the empirical models using dummies. We call counties in the first/lower quartile

“non-compliant counties”, in the second quartile “low-compliance counties”, in the third

quartile “moderate-compliance counties” and in the fourth/upper quartile “high-compliance

counties”.

To conduct subgroup analysis, we first classify counties as rural or urban using the Rural

Urban Continuum Codes (2013) developed by the Economic Research Services of the Depart-

ment of Agriculture and the Rural Health Research Center at the University of Washington.6

Counties with code values of 1 to 5 are classified as urban and those with code values of

6 to 9 are considered as rural. In a total of 3,142 counties across U.S., 1,472 counties are

classified as urban and 1,668 as rural. 7

The other subgroup analysis is based on the Social Vulnerability Index (SVI). The CDC has

developed the SVI for US counties to capture social determinants of health-based inequal-

ities which in turn impact communities’ ability to deal with health crisis (Marmot et al.,

2008). A high value of SVI implies a high level of vulnerability in the county. It is based on

15 social factors that measure four dimensions of overall vulnerability: socioeconomic sta-

tus, household composition and disability, minority status and language, housing type, and

transportation. Needless to say that levels of social distancing varies with different social

6https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes/
7Two counties (Kusilval Census Area in Alaska and Oglala Lakota County in South Dakota) that were

not classified in RUCC 2003 are excluded from our sub-sample analysis.
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vulnerability status. Therefore, it is important to understand the differential impact SDI has

across counties with different SVI status. We use the 2018 SVI data to group counties into

high (i.e., those with the SVI level above the median of the SVI distribution) and low (i.e.,

those with the SVI in the bottom half of the SVI distribution) socially vulnerable counties.8

Table 2.1 provides data description and summary statistics of the variables, and compares

rural vs. urban and low vs. high SVI counties. On average, daily infection growth rate is

5.33% with a maximum of 2833%. During the time period of analysis, the average social

distancing index level is 33.52.9 The average percentage of daily trips across state borders is

5.96%, and the mean daily number of residents exposed to COVID-19 is 5.33. On average

23.05 COVID-19 tests were done per 1000 people across all counties. All variables exhibit

statistically significant differences between rural and urban, and between low and high SVI

counties. On average, rural areas see lower daily infection growth rates compared to urban

areas while rural areas exhibit relatively lower SDI level as compared to urban areas. Resi-

dents in rural areas had more out of state trips than residents in urban areas. As expected,

high SVI counties have larger daily infections growth rate (i.e., 5.83 vs 4.83) and lower levels

of SDI as compared to low SVI ones (i.e., 32.28 vs 34.76). These disparities support our

subgroup-based approach to quantify the SDI impact heterogeneity.

Our empirical analysis accounts for potential observed confounders including daily number

of COVID-19 tests (per 1,000 people), number of point of interests for crowd gathering in

counties (per 1,000 people), number of residents exposed to COVID-19 (per 1,000 people),

and percentage of daily trips across state borders.10 Due to 14-day incubation period of

8The latest available SVI is for year 2018 at the time of this study. Also, the SVI is not defined for Rio
Arriba county in New Mexico which is then excluded in our SVI subgroup analysis.

9Maximum SDI score of 100 is only observed in three counties in Alaska and Hawaii. These observations
do not affect estimations in terms of magnitude, size, and statistical significance levels therefore are included
in our analysis.

10Percentage of daily trip across states have not been used in the calculation of SDI and that is why
included here.
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COVID-19, these variables as well as social distancing compliance enter into our empirical

models with 14-day lag, except for number of testing which is used with a 2-day lag.11 On

average, it took about two days to get COVID-19 test results.12 The county fixed-effect

controls all county-level time-invariant characteristics such as racial and ethnicity profiles,

socio-economic levels, etc.

2.3 Methodology

Spatial econometrics models are gaining popularity in the investigation of disease outbreak

especially those mainly transmitted via in-person contacts (Brockmann et al., 2009). It

not only provides consistent estimates of the intervention effects by accounting for spatial

dependency but also has the ability to disentangle direct (which includes feedback effects) and

indirect effects. Specifically, the method enables us to calculate a total direct effect of county

A’s social distancing on daily infection growth rate that includes the feedback/boomerang

effect caused by spatial dependency (i.e., the part of its infection growth rate reduction

reflected back from its neighboring counties’ reduction in infection rate which in turn was

caused by county A’s compliance). Furthermore, we can calculate the indirect effect (or

spillover effect) which is the impact of county A’s neighboring counties’ social distancing

compliance on county A’s daily growth rate of infections.

Specifically, we estimate Spatial Durbin Models with county fixed-effects to extract the

spatial dependencies in daily growth rate of infections in US counties during the initial phase

of COVID-19 spread (LeSage and Pace, 2009). Our model includes county fixed effects but
11The period of this study starts from March 19 and the first observation of the growth rate used in

estimation is April 1 due to the 14-day lag of most of the control variables. The 2-day lag of the testing
variable used in the model starts from March 30th. By then data on all counties have become available.

12For incubation period: https://www.cdc.gov/coronavirus/2019-ncov/hcp/clinical-guidance-
management-patients.html; for testing: https://www.cdc.gov/coronavirus/2019-ncov/testing/diagnostic-
testing.html
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not time fixed effect to allow more efficiency. Furthermore, the daily growth rate calculation

has already taking time trend into consideration. Time fixed effect is not included specifically

because the surge in infections follows spatial pattern rather than temporal: i.e., the rise

and plateau in Seattle and west coast are not synchronized with east coast temporally. The

model specification is defined as follows:

ynt = ρWynt + αln + Xnt−14β + WXnt−14θ + µn + ϵnt (2.1)

where, ynt = (y1t, y2t, y3t, ..., ynt)
′ is an n × 1 vector of county-specific daily growth rate of

COVID-19 infections in period t. W is the spatial weight matrix and Wynt is the spatial

lag, ρ reflects the strength of spatial dependence between counties, and ln denotes n × 1

vector of ones. Xnt−14 contains time varying exogenous explanatory variables with 14 days

lag to impose temporal exogeneity and avoid the simultaneity problem of social distancing

compliance with COVID-19 Cases.13 θ is a k × 1 vector of parameters that measure the

strength of spatial dependence of explanatory variables between counties. µ contains time-

invariant observed and unobserved county-specific features and ϵt represents the i.i.d error

term.

To capture spatial linkages between counties i and j, we use contiguity matrix that contains

values of either 0 or 1, where 1 refers to the case that county i and j are adjacent (i.e., share

geographic borders) and, 0 otherwise.14 The spatial weight matrix W is a row-stochastic

conversion of contiguity matrix of 0 and 1 that captures spatial linkages between counties

i and j (with i, j = 1, ..., n). W is positive definite with zero diagonal.15 The contiguity

matrix is obtained using geographical coordinates of counties available in Census 2018-shape

13Only testing (per 1000 people) is used with a 2-day lag.
14Our results are robust across different spatial weights (i.e., inverse distance and commuting flow (2015)

https://www.census.gov/topics/employment/commuting/guidance/flows.html
15The main diagonal of W has all values of zero to prevent a county from being treated as a neighbor to

itself.
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files.16 We use Maximum Likelihood Estimation method to estimate parameters in spatial

regression. The null hypothesis of cross-sectional independence is rejected17 in the full sam-

ple and all sub-samples which provide statistical support for spatial specification and its

importance for consistent inference. To begin, we first report estimation results based on

naive pooled Ordinary Least Squares (OLS) regression which ignores spatial dependency and

then compare with the spatially dependent analysis. In all empirical analysis, we present

robust standard errors that recognize that the daily data is clustered within county level.

2.4 Empirical Results

2.4.1 No Spatial Dependence Assumed Between Counties

Figure 2.3a presents parameter estimates of the impact of social distancing on daily growth

rate of infections at a county level, using naive pooled OLS regression which ignores spatial

dependence between counties.18 The results show that counties with SDI above median levels,

on average experience 0.43% lower daily infection growth rate as compared to counties with

SDI levels in the bottom half of the SDI distribution. The sub-sample analysis shows that,

compared to rural counties, urban areas on average experience a larger infection growth

rate (about 0.65% in urban and 0.28% in rural). The more compliant counties in socially

vulnerable areas (i.e., high SVI areas) experience larger reduction in infection growth rate

(about 0.71%) whereas SDI compliance does not have statistically significant impact on low

SVI areas.

We further refine the SDI compliance groups by SDI distribution quartiles. Results are

16https://www.census.gov/geographies/mapping-files/time-series/geo/carto-boundary-file.html
17All p-values for the tests are less than 0.001
18Appendix Table B.1 represents the regression estimation results in details.
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presented in Figure 2.3b for four groups of counties with different relative SDI levels (the

base comparison group contain counties with SDI in the bottom quartile of the distribution

(’non-compliant’ ones)).19 It shows that in order to have a statistically significant effect on

flattening the curve, counties need to be at least moderately compliant to social distancing

(i.e., SDI level should be in or above third quartile of the distribution).20 Similar to what

was observed in Figure 2.3a where SDI took a binary value, urban areas have a larger

reduction in infection rate from SDI compliance as compared to rural areas, and it has the

largest impact in socially vulnerable areas (1.11% daily infection growth rate gap between

high-compliance counties and non-compliant counties). However, this naive regression model

does not control for spatial dependence between counties and cannot disentangle the direct

and indirect effects which are of public health policy importance.

2.4.2 With Spatial Dependence Considered

Figure 2.4 presents results of empirical estimation based on Spatial Durbin Model for the

US, urban, rural, high SVI and low SVI regions.21 The direct effect shows social distancing

in a county significantly reduces rate of infections within the same county. In particular, on

average, social distancing compliant counties experience about 0.25% lower infection growth

rate compared to non-compliant ones in the national sample.

More importantly, the indirect effect of social distancing compliance is much larger: i.e.,

neighboring counties’ SDI as a whole will result in about 1.02% reduction in a typical county’s

daily infection growth rate. This indirect effect is more than four times the direct effect.

The much larger indirect effect is no surprising since the indirect effect is the sum of all the

19Appendix Table B.1 represents the regression estimation results in details.
20The SDI level thresholds for each quartile are: SDI=22 at 25th percentile, SDI=31 at 50th percentile,

SDI=43 at 75th percentile.
21Detailed results are shown in the Table B.2 in the Appendix.
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neighboring counties’ effect. This evidence will be masked in models that do not account

for spatial dependency. The both statistically significant and public health impact relevant

indirect effect of SDI compliance highlights the importance of coordinated planning among

counties that share common geographic boarders to combat the spread of COVID-19. The

total effect of social distancing combines the direct effect and indirect spillover effect and

shows a difference of 1.28% in daily infection growth rate between compliant and non-

compliant counties.

This pattern of relatively larger indirect effects persists in sub-sample analysis of urban,

rural and socially vulnerable counties. Most direct and indirect effects are all statistically

significant with the only exception that the direct effects are not statistically significant

in rural areas and areas with low SVI. Even though rural and low SVI areas do not see

statistically significant impact of their own SDI compliance on slowing down the infections

(i.e., null direct effects), there are significant indirect effects on flattening the epidemic curve

as a results of neighboring counties’ efforts. Furthermore the magnitudes of the indirect

effects are similar in urban, rural and socially vulnerable areas signaling the importance of

coordinated efforts in those areas.

Socially vulnerable areas see the largest total effect of social distancing compliance (about

1.45% growth rate differences between high and low compliance counties) followed by ur-

ban areas (about 1.41% growth rate differences between high and low compliance counties).

In case of the OLS regression which ignores the spatial dependency between neighboring

counties, we do not find statistical evidence to support the effectiveness of social distancing

compliance in low SVI areas. However, the SDM model which accounts for spatial depen-

dency finds statistically significant indirect effects of social distancing on infection control

and flattening of the curve.

To further investigate potentially heterogeneous effect of social distancing, we estimate the
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spatial models with three group dummies that categorize counties according to their SDI

quartiles and report the results in Figure 2.5 (Details of estimation results are provided

in Table B.3 in the Appendix). Results show that high-compliance counties (i.e., those

with SDI in the fourth quartile of the distribution) are the ones experiencing statistically

significant direct effect on reduction of infection growth rates as compared to non-compliant

counties (i.e., those with SDI in the first quartile of the distribution): about 0.4% lower

infection growth rate as a result of their own compliance to social distancing, compared to

non-compliant counties. This pattern also holds in urban areas (about 0.73% lower infection

growth rate in high compliance counties compared to non-compliant ones). Similar to the

binary SDI model, rural and low SVI areas do not see statistically significant direct effect

of social distancing. Noticeably, moderate and high-compliance counties show significant

direct effect on infection control in socially vulnerable areas i.e., compared to non-compliance

counties, there are an average of -0.43% in moderate-compliance counties and -0.80% in high-

compliance counties.

Similar to the binary SDI model, all indirect spillover effects induced from social distancing

compliance in neighboring counties are significant and show much larger public health impact

significance (i.e. larger magnitudes). Noticeably, moderate-compliance level has the largest

indirect effects and total effects on infection control in the national sample and in rural and

socially less vulnerable areas, whereas high-compliance level is needed to achieve the largest

effects in urban and socially vulnerable areas. Possible explanations for this result could

be the fact that rural and low SVI areas have lower population density, sparse housing and

more open spaces that social distancing compliance effect can be achieved without having

to abide to exact measures. For example, stay-at-home may not be needed for rural areas

where the population density and housing density are low to achieve crowd avoiding and

physical distancing goals as compared to urban areas which have high population density
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and more mobile.

In socially vulnerable areas, complex interaction of socioeconomic factors (such as wage

jobs, low income, inflexible work conditions, etc.) contribute to the need for higher levels of

social distancing to curb the spread of COVID-19 infection. For example, people with low

socioeconomic profiles are often working for essential businesses which are exempt from lock

downs; or they are working in jobs that require human contact such as child-care, nursing,

house-cleaning, cooking etc. which limits their ability to fully comply with social distancing

regulations and results in greater exposure to risk of infection.

Both Figure 2.4 and Figure 2.5 show that the direct effect of social distancing within counties

may be minimal and/or null but it produces meaningful indirect effects at lowering COVID-

19 infection growth rate due to spatial dependence of counties. Figure 2.5 further confirms

the importance of compliance to social distancing. Based on the total effect results, coun-

ties with moderate social distancing compliance levels show a sizable reduction in infection

growth rates. Even counties that have low compliance, there is a sizable and significant

reduction nationwide and in sub-samples, except for urban areas.

Considering the daily fluctuation in the growth rate of infection, we also examine the impact

of social distancing compliance on a 3-day moving average of infection growth rates. As

shown in Appendix Tables B.5 and B.6, results remain unchanged except a slight reduction

in magnitudes.

2.5 Discussion and Conclusions

In this paper, we investigate the efficacy of social distancing in combating the COVID-19

pandemic. Using spatial econometric methods, we find significant reduction in COVID-19
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infection growth rate as a result of social distancing in the US counties, especially among

urban counties and counties with high SVI. Our results demonstrate significant and sizable

spillover effects induced by social distancing in neighboring counties for nationwide samples

and all sub-samples, even when within county effects are absent. Within county social

distancing significantly lowers the growth rate of infections except in rural and low SVI

areas. Our findings provide empirical evidence of spatial dependence between counties and

highlight the need to coordinate planning and mitigation efforts with the geographically

adjacent counties to successfully combat COVID-19 pandemic.

Policies that enforce social distancing, such as stay-at-home, are economically costly (Birge

et al., 2020), and therefore we need to identify areas which are likely to benefit most from

such policies. Overall, the effect of social distancing has been found to be higher in ur-

ban than in rural areas. Results indicate highest levels of social distancing compliance is

needed in urban areas, whereas moderate levels of social distancing compliance will suffice

in controlling the spread in rural areas, probably because of the low population and housing

density in those counties. Similarly, highest levels of social distancing is needed in flattening

the epidemic curve in high SVI areas but moderate levels may be sufficient in low SVI areas.

The examination of areas with high and low SVI adds socio-economic and disaster readiness

dimensions to the mainly population size categorization done by rural vs. urban analysis.

Those subgroup analysis will guide policy makers and public health officials in setting up

appropriate levels of social distancing goals (not one-size-fits-all approach), at least until a

medical solution is available to control the pandemic. It also highlights the importance of

having a clear and coherent national plan that can be implemented consistently across the

country. A patchwork of policies that are applied piece meal by counties and states who

independently decide what is best for them, has not been working and will not work as

shown by this analysis. There are a lot of spatial dependencies between regions that must
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be taken into account for an effective public health response.

There are a number of limitations to this analysis. First, it is well-known that number

of confirmed COVID-19 cases may not represent the actual cases of COVID-19 infections

due to lack of testing capacity, asymptomatic infections, access to healthcare etc. (Stock

et al., 2020). For instance, it is highly likely that people with mild symptoms did not seek

medical care and hence did not get counted among the confirmed cases. However, our paper

findings on the marginal impact of SDI and the disparity of the impact across rural/urban

and low/high vulnerability areas will still be valid and robust as long as the under-reporting

is uniformly distributed Second, the social distancing index may not precisely capture the

level of social distancing in a society. The SDI metric is based on mobility information

obtained through mobile devices that need users to enable their devices for data collection

(e.g., GPS history). This type of data collection by nature will exclude people who do not

have smart phones, or do not have their devices enabled for data collection. To the best

of our knowledge, UMD social distancing index not only includes the most comprehensive

and relevant dimensions especially those capturing spatial dependencies in mobility (e.g.,

percentage of out-of-county trips) but also covers all 3,142 counties across the U.S. The

other available social distancing related datasets such as the Google community mobility

data and Apple mobility data are either proprietary, or not available at all county levels

(e.g., Google community mobility data covers only 2,795 counties in the U.S.
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2.6 Figures and Tables

Figure 2.1: Spatial spread of cumulative infections per 100,000 people by urban and rural
counties in the US

Figure 2.2: Spatial spread of cumulative infections per 100,000 people by counties with high
and low social vulnerability index (SVI) in the US.

NOTES Spatial spread of cumulative infections per 100,000 people by counties with high
and low social vulnerability index (SVI) in the US. High SVI counties are the ones in the
top half of SVI distribution and Low SVI counties refer to those in the bottom 50% of the
SVI distribution.
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Table 2.1: Data description and Summary Statistics for pooled daily data (March 19 - June
12, 2020)

Nationwide Rural Urban Urban-Rural Low SVIa High SVIb Low SVI-High SVI

Mean Minimum Maximum Mean Mean disparity Mean Mean disparity

Infection growth rate(%) 5.33 0 2833 4.03 6.8 -2.77*** 4.83 5.83 -1***
(22.21) (21.15) (23.30) (0.085) (20.00) (24.23) (0.085)

Social distancing indexc 33.52 0 100 30.31 37.15 -6.835*** 34.76 32.28 2.481***
(15.14) (14.18) (15.38) (0.06) (15.56) (14.61) (0.06)

Out of state trips(%)d 5.96 0 100 6.592 5.247 1.345*** 6.298 5.624 0.675***
(8.13) (8.63) (7.48) (0.03) (8.26) (7.99) (0.03)

COVID-19 Exposure per 1000 peoplee 5.33 0.01 44.32 4.634 6.123 -1.488*** 5.731 4.932 0.799***
(6.46) (5.04) (7.68) (0.02) (6.86) (6.01) (0.02)

Number of Tests done per 1000 people 23.05 0.02 181.1 22.55 23.6 -1.046*** 23.25 22.83 0.418***
(22.00) (21.33) (22.73) (0.08) (22.40) (21.58) (0.08)

People older than 60(%) 25.27 6 65.00 27.28 23.02 4.257*** 26.31 24.23 2.078***
(5.65) (5.49) (4.90) (0.02) (6.07) (4.98) (0.02)

African-Americans(%) 8.92 0 87.40 7.70 10.32 -2.611*** 3.37 14.47 -11.10***
(14.46) (15.18) (13.48) (0.06) (5.81) (17.97) (0.05)

Hispanic-Americans(%) 9.26 0 99.10 8.52 10.08 -1.604*** 5.885 12.6 -6.714***
(13.79) (14.16) (13.22) (0.05) (7.43) (17.32) (0.05)

Median income 51,580.44 20,188 136,268 46,686.20 57,161.30 -10,465.5*** 58,650.9 44,520 14,130.9***
(13700) (10414.80) (14800.90) (48.83) (13630.10) (9479.70) (45.17)

Male 50.09 41.39 79 50.54 49.57 0.971*** 50.07 50.1 -0.0310***
(2.38) (2.78) (1.68) (0.01) (1.77) (2.86) (0.01)

Number of points of interestsf 131.56 8 699.00 137.70 124.70 13.05*** 147.2 116 31.21***
(42.33) (48.73) (32.05) (0.16) (46.23) (30.94) (0.15)

Observations 270212 270040 270126
NOTES This Table reports summary statistics of selected variables of 3142 counties using COVID-19 Impact Analysis Platform database available from the University of

Maryland for the time period between March 19 to June 12. Nationwide sample size (county-by-day observations; 3,142 counties for 86 days) is 270,212. Two counties are

excluded in the rural-urban sample due to missing classifications. Therefore, 1,472 counties are classified as urban and 1,668 are as rural, which makes a total of 270,040

counties in the urban-rural sub-sample. Social vulnerability index (SVI) was also missing for a county which is excluded in the SVI sub-sample analysis. Therefore, 3,141

counties are classified in two sub-samples of High and Low SVI based on the median of SVI 2018 distribution. a Low SVI: counties in the bottom half of the SVI distributionb

High SVI: counties in the top 50% of the SVI distribution. c The Social Distancing Index (SDI) is defined by Maryland Transportation Institute (MTI) as follows: SDI =

0.8*[% stay-at-home + 0.01*(100 - %stay-at-home)*(0.1*% reduction all trips + 0.2*% reduction work trips + 0.4*% reduction non-work trips + 0.3*% reduction travel

distance)] + 0.2*% reduction out-of-county trips. It is an integer between 0 (no social distancing at all) and 100 (100% of the residents in the county follow social distancing).d

Percentage of all trips that cross state calculated by MTI. e It is calculated as the number of residents already exposed to COVID-19 per 1000 people. f Number of points

of interests for crowd gathering per 1000 people calculated by MTI. Asterisks show that the difference between the urban vs. rural and high vs. low SVI is statistically

significant i.e., * p<0.10, ** p<0.05, *** p<0.01.
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Figure 2.3: OLS estimated impact of social distancing on the daily growth rate of COVID-19
infections in the US with no spatial dependence assumed

(a) OLS estimated impact of social distancing compliance
on the daily growth rate of COVID-19 infections in the US.

(b) OLS estimated impact of different levels of social dis-
tancing compliance on the daily growth rate of COVID-19
infections as compared to non-compliant counties in the US.

NOTES Figure(a) shows the impact with SDI measured in binary values and Figure(b) Counties
in the bottom 25% of SDI distribution are called non-compliant counties which is the baseline
in the estimations, those in the second quartile are low-compliance, third quartile are moderate-
compliance, and the fourth quartile are the high-compliance counties. High SVI counties refer to
those located in the top 50% of the SVI distribution and low SVI indicates counties in the bottom
half of the SVI distribution. In all estimations, standard errors are heteroskedasticity-robust and
clustered by counties. Bars present 95% confidence intervals.
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Figure 2.4: Spatial estimation of social distancing compliance impact on daily growth rate
of COVID-19 infections across US counties between March 19 to June 12, 2020

NOTES The figure shows direct, indirect and total effect of social distancing on daily growth
rate of COVID-19 infections, for the binary SDI case. High SVI counties refer to those located
in the top 50% of the SVI distribution and low SVI indicates counties in the bottom half of
the SVI distribution. Direct effect refers to within county effect and Indirect effect indicates
the effect of neighboring counties’ on a county’s infection growth rate. The total effect is the
sum of direct and indirect effect. Standard errors are county cluster-robust. Bars present
95% confidence intervals.
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Figure 2.5: Impact of various social distancing compliance levels on COVID-19 infection rate
assuming spatial dependence between neighboring counties

NOTES Direct effect refers to within county effect and the Indirect effect refers to neighbor-
ing counties’ effect on growth rate of infection. The total effect is the sum of direct and indi-
rect effect. Counties in the bottom 25% of SDI distribution are called non-compliant counties
which is the baseline in the estimations, those in the second quartile are low-compliance, third
quartile are moderate-compliance, and the fourth quartile are the high-compliance counties.
High SVI counties refer to the ones in the top 50% of the SVI distribution and low SVI in
the bottom half of the SVI distribution. Standard errors are county cluster-robust. Bars
present 95% confidence intervals.
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Appendix B

(Second Chapter Appendix)

Table B.1: Ordinary Least Squares Estimation

Dependent variable: Daily growth rate of confirmed COVID-19 cases (%)

Nationwide Urban Rural High SVIa Low SVIb

14-day lag of SDI-compliancec -0.43*** -0.65*** -0.28** -0.71*** -0.1
(0.08) (0.11) (0.12) (0.13) (0.10)

14-day lag of SDI low-complianced -0.13 0 -0.13 -0.21 -0.08
(0.12) (0.17) (0.17) (0.20) (0.13)

14-day lag of SDI moderate-complianced -0.39*** -0.49*** -0.26 -0.61*** -0.14
(0.12) (0.15) (0.17) (0.19) (0.13)

14-day lag of SDI high-complianced -0.64*** -0.84*** -0.48** -1.11*** -0.16
(0.12) (0.17) (0.19) (0.20) (0.14)

l14_out of state trips(%)e 0.01*** 0.01*** 0.04*** 0.04*** 0 0 0.03*** 0.03*** 0 0
0.00 0.00 (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

14-day lag of COVID-19 Exposure per 1000 peoplef 0 0 0.05*** 0.06*** -0.03** -0.03** 0 0 -0.02* -0.02*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Number of Tests done per 1000 people -0.09*** -0.09*** -0.12*** -0.12*** -0.07*** -0.07*** -0.11*** -0.11*** -0.07*** -0.07***
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

People older than 60(%) -0.07*** -0.07*** -0.03*** -0.03*** -0.09*** -0.09*** -0.08*** -0.08*** -0.05*** -0.05***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln(median income) 0.13 0.19 -0.70*** -0.58*** 0.88*** 0.89*** 0.58* 0.67** 0.86*** 0.87***
(0.17) (0.17) (0.20) (0.20) (0.33) (0.33) (0.31) (0.32) (0.29) (0.29)

African-Americans(%) 0.03*** 0.03*** 0.01*** 0.01*** 0.04*** 0.04*** 0.03*** 0.03*** 0.01 0.01
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 (0.01) (0.01)

Hispanic-Americans(%) 0 0 0.01** 0.01*** -0.01 -0.01 -0.01 0 -0.02*** -0.02***
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 (0.01) (0.01)

Male 0.02 0.02 0.10*** 0.10*** -0.02 -0.02 0.06* 0.06* -0.12*** -0.12***
(0.03) (0.03) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.02) (0.02)

Number of points of interestsg -0.01*** -0.01*** -0.01*** -0.01*** -0.01*** -0.01*** -0.01*** -0.01*** -0.01*** -0.01***
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Constant 7.36*** 6.83*** 11.44*** 10.44*** 1.02 1 1.33 0.67 5.17 5.11
(2.22) (2.22) (3.16) (3.17) (3.54) (3.53) (3.82) (3.83) (3.54) (3.56)

Observations 226224 105984 120096 113112 113040

R-squared 0.013 0.01 0.027 0.03 0.008 0.01 0.013 0.01 0.013 0.01

F-statistics 399.05 332.56 380.07 321.67 107.8 91.22 212.92 178.03 179.33 150.29
NOTES This Table reports OLS estimation results of social distancing compliance on growth rate of COVID-19 infections using COVID-19 Impact Analysis Platform data base provided

by University of Maryland for the time period between March 19 to June 12. a High SVI: counties in the top 50% of the SVI distribution. b Low SVI: counties in the bottom half of the

SVI distribution. c SDI stands for social distancing index. SDI-compliance is a dummy variable that takes value 1 for counties within the top 50% of social distancing distribution, and

0 otherwise (i.e. called non-compliant).d Counties in the bottom 25% of SDI distribution are called non-compliant counties which is the baseline in the estimations, those in the second

quartile are low-compliance, third quartile are moderate-compliance, and the fourth quartile are the high-compliance counties. e Percentage of all trips that cross state calculated by

MTI. f It is the number of residents already exposed to COVID-19 per 1,000 people. Robust county-clustered standard errors are presented in the parenthesis. g Number of points of

interests for crowd gathering per 1,000 people calculated by MTI. Asterisks present statistical significance levels as follow, * p<0.10, ** p<0.05, *** p<0.01.
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Table B.2: Spatial model estimation of the effect of social distancing on the daily growth
rate of COVID-19 infections

Dependent variable: Daily growth rate of confirmed COVID-19 cases

Nationwide Urban Rural High SVIa Low SVIb

Direct Effectc

14-day lag of SDI-complianced -0.25** -0.51*** -0.10 -0.46*** -0.15
(0.0011) (0.0014) (0.0016) (0.0018) (0.0013)

14-day lag of out of state tripse 0.06*** 0.16*** 0.06** 0.09** 0.06***
(0.0002) (0.0004) (0.0003) (0.0004) (0.0002)

14-day lag of COVID-19 Exposure per 1000 peoplef 0.14** -0.01 -0.08 -0.36*** -0.04
(0.0006) (0.0005) (0.0010) (0.0008) (0.0005)

14-day lag of Tests Done per 1000 people 0.02 -0.09*** -0.05** -0.06*** -0.04***
(0.0002) (0.0001) (0.0002) (0.0002) (0.0001)

Indirect Effectg

14-day lag of SDI -1.02*** -0.90*** -0.90*** -0.99*** -0.45***
(0.0017) (0.0018) (0.0021) (0.0022) (0.0017)

14-day lag of out of state trips 0.45*** 0.66*** 0.14*** 0.43*** 0.25***
(0.0005) (0.0006) (0.0005) (0.0007) (0.0004)

14-day lag of COVID-19 Exposure per 1000 people -0.47*** -0.20*** -0.31*** 0.01 -0.28***
(0.0007) (0.0005) (0.0010) (0.0008) (0.0006)

14-day lag of Tests Done per 1000 people -0.09*** -0.02 0.01 -0.03* 0.00
(0.0002) (0.0001) (0.0002) (0.0002) (0.0001)

Total Effecth

14-day lag of SDI -1.28*** -1.41*** -0.99*** -1.45*** -0.60***
(0.0014) (0.0016) (0.0019) (0.0019) (0.0016)

L14_out of state trips 0.52*** 0.82*** 0.20*** 0.53*** 0.31***
(0.0005) (0.0007) (0.0005) (0.0007) (0.0004)

14-day lag of COVID-19 Exposure per 1000 people -0.34*** -0.22*** -0.39*** -0.35*** -0.33***
(0.0002) (0.0002) (0.0004) (0.0003) (0.0002)

14-day lag of Tests Done per 1000 people -0.07*** -0.11*** -0.04*** -0.09*** -0.04***
(0.0000) (0.0001) (0.0001) (0.0001) (0.0001)

Observations 226,224 105,984 120,096 113,112 113,040
County Fixed-effects Yes Yes Yes Yes Yes
χ2 statistics for spatial term 1860.51 1263.56 340.13 484.51 604.67
AIC -145915.1 -118938.5 -42511.73 -43950.86 -111204.5
NOTES This Table reports spatial estimation results of social distancing compliance on growth rate of COVID-19 infections

using COVID-19 Impact Analysis Platform database provided by the University of Maryland for the time period March 19

to June 12. a High SVI: counties in the top 50% of the SVI distribution. b Low SVI: counties in the bottom half of the

SVI distribution.c Direct effect refers to within county’s effect d SDI stands for social distancing index. SDI-compliance is

a dummy variable that takes value 1 for counties within the top 50% of social distancing distribution, and 0 otherwise (i.e.

called non-compliant).e Percentage of all trips that cross state as calculated by MTI. f It is calculated by MTI as the number

of residents already exposed to COVID-19 per 1000 people. g Indirect effect shows neighboring counties social distancing

effect on county’s infection rate. h Total effect is the sum of the direct and indirect effects. Robust county-clustred standard

errors are presented in the parenthesis. Asterisks present statistical significance levels as follow, * p<0.10, ** p<0.05, ***

p<0.01.
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Table B.3: Spatial estimation results of different social distancing thresholds on the daily
growth rate of COVID-19 infections

Dependent variable: Daily growth rate of confirmed COVID-19 cases (%)

Nationwide Urban Rural High SVIa Low SVIb

Direct Effectc
14-day lag of SDI low-complianced -0.06 0.12 -0.19 -0.15 -0.10

(0.0013) (0.0017) (0.0018) (0.0019) (0.0015)

14-day lag of SDI moderate-complianced -0.22 -0.30 -0.24 -0.43* -0.19
(0.0015) (0.0020) (0.0021) (0.0024) (0.0018)

14-day lag of SDI high-complianced -0.40** -0.73*** -0.13 -0.80** -0.21
(0.0020) (0.0026) (0.0028) (0.0031) (0.0022)

14-day lag of out of state tripse 0.06*** 0.15*** 0.06** 0.09** 0.07***
(0.0002) (0.0004) (0.0003) (0.0004) (0.0002)

14-day lag of COVID-19 Exposure per 1000 peoplef 0.13** -0.01 -0.08 -0.36*** -0.04
(0.0006) (0.0005) (0.0010) (0.0008) (0.0005)

2-day lag of Tests Done per 1000 people 0.02 -0.09*** -0.05** -0.06*** -0.04***
(0.0002) (0.0001) (0.0002) (0.0002) (0.0001)

Indirect Effectg
14-day lag of SDI low-compliance -1.12*** -0.54** -0.54* -0.85*** -0.82***

(0.0025) (0.0027) (0.0029) (0.0030) (0.0025)

14-day lag of SDI moderate-compliance -1.56*** -1.04*** -1.28*** -1.25*** -1.00***
(0.0024) (0.0027) (0.0029) (0.0031) (0.0024)

14-day lag of SDI high-compliance -1.44*** -1.15*** -1.05*** -1.30*** -0.77***
(0.0027) (0.0032) (0.0035) (0.0037) (0.0028)

14-day lag of out of state trips 0.46*** 0.65*** 0.14*** 0.43*** 0.25***
(0.0005) (0.0006) (0.0005) (0.0007) (0.0004)

14-day lag of COVID-19 Exposure per 1000 people -0.46*** -0.21*** -0.30*** 0.02 -0.28***
(0.0007) (0.0005) (0.0010) (0.0008) (0.0006)

2-day lag of Tests Done per 1000 people -0.09*** -0.02 0.01 -0.03* 0.00
(0.0002) (0.0001) (0.0002) (0.0002) (0.0001)

Total Effecth
14-day lag of SDI low-compliance -1.18*** -0.43 -0.73** -1.00*** -0.93***

(0.0026) (0.0029) (0.0030) (0.0032) (0.0027)

14-day lag of SDI moderate-compliance -1.78*** -1.33*** -1.52*** -1.68*** -1.19***
(0.0021) (0.0024) (0.0027) (0.0028) (0.0023)

14-day lag of SDI high-compliance -1.84*** -1.88*** -1.18*** -2.10*** -0.99***
(0.0021) (0.0025) (0.0028) (0.0028) (0.0023)

14-day lag of out of state trips 0.52*** 0.80*** 0.21*** 0.52*** 0.32***
(0.0005) (0.0007) (0.0005) (0.0007) (0.0004)

14-day lag of COVID-19 Exposure per 1000 people -0.33*** -0.22*** -0.38*** -0.34*** -0.32***
(0.0002) (0.0002) (0.0004) (0.0003) (0.0002)

2-day lag of Tests Done per 1000 people -0.08*** -0.11*** -0.04*** -0.10*** -0.04***
(0.0000) (0.0001) (0.0001) (0.0001) (0.0001)

Observations 226,224 105,984 120,096 113,112 113,040
County Fixed-effects Yes Yes Yes Yes Yes
χ2 statistics for spatial term 1863.45 1242.86 341.65 478.93 615.00
AIC -145931.3 -118947.7 -42511.95 -43955.36 -111212.1
NOTES This Table reports spatial estimation results of different social distancing compliance levels on growth rate of COVID-

19 infections using COVID-19 Impact Analysis Platform data base provided by University of Maryland for the time period

between March 19 to June 12. a High SVI: counties in the top 50% of the SVI distribution. b Low SVI: counties in the bottom

half of the SVI distribution.c Direct effect refers to within county effect. d SDI stands for social distancing index. Counties in

the bottom 25% of SDI distribution are called non-compliant counties which is the baseline in the estimations, those in the

second quartile are low-compliance, third quartile are moderate-compliance, and the fourth quartile are the high-compliance

counties. e Percentage of all trips that cross state as calculated by MTI. f It is calculated by MTI as the number of residents

already exposed to COVID-19 per 1000 people. g Indirect effect indicates the average impact of social distancing compliance

among neighboring counties on a county’s infection rate. h Total effect is the sum of the direct and indirect effects. Robust

county-clustered standard errors are presented in the parenthesis. Asterisks present statistical significance levels as follow, *

p<0.10, ** p<0.05, *** p<0.01.
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Table B.4: Testing the non-linear combination of estimation coefficients in TableB.3

Nationwide Urban Rural High SVI Low SVI

Direct Effect
moderate-compliance / low-compliance 5.5251 -1.9740 1.1970 3.0822 1.9543

(18.0659) (3.8249) (1.0469) (3.6652) (2.6946)

moderate-compliance / low-compliance 11.0077 -5.1377 0.6150 5.8676 2.2530
(38.2794) (8.0597) (1.3337) (7.6484) (3.3541)

high-compliance / moderate-compliance 1.9923* 2.6027** 0.5138 1.9037** 1.1528
(1.0882) (1.3248) (1.0200) (0.7662) (0.8981)

Indirect Effect
moderate-compliance / low-compliance 1.3687*** 1.7869*** 2.3932** 1.4567*** 1.2090***

(0.2795) (0.6698) (1.1403) (0.4627) (0.3245)

high-compliance / low-compliance 1.2382*** 1.8893*** 1.9752** 1.4817*** 0.9270***
(0.2534) (0.7175) (0.9407) (0.4866) (0.3006)

high-compliance / moderate-compliance 0.9047*** 1.0573*** 0.8253*** 1.0172*** 0.7667***
(0.1452) (0.2096) (0.2355) (0.2479) (0.2102)

NOTES This Table shows whether estimated coefficients (related to levels of compliance with social distancing) in

TableB.3 are statistically different from each other. See notes for more details. Robust county-clustered standard

errors are presented in the parenthesis. Asterisks present statistical significance levels as follow, * p<0.10, **

p<0.05, *** p<0.01.
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Table B.5: Spatial model estimation of the effect of social distancing on the 3-day moving
average growth rate of COVID-19 infections

Nationwide Urban Rural High SVIa Low SVI a

Direct Effectc
14-day lag of SDI-compliance d -0.2096*** -0.2645*** -0.1550* -0.3574*** -0.0752

(0.0648) (0.0782) (0.0009) (0.1012) (0.0007)

14-day lag of out of state trips e 0.0622*** 0.2024*** 0.0463*** 0.1121*** 0.0538***
(0.0126) (0.0231) (0.0160) (0.0230) (0.0134)

14-day lag of COVID-19 Exposure per 1000 people f 0.1308*** -0.0497* -0.0426 -0.3400*** -0.0285
(0.0364) (0.0003) (0.0006) (0.0452) (0.0003)

2-day lag of Tests Done per 1000 people 0.0161 -0.0814*** -0.0507*** -0.0548*** -0.0352***
(0.0001) (0.0073) (0.0135) (0.0103) (0.0075)

Indirect Effect g

14-day lag of SDI-compliance -0.7742*** -0.8190*** -0.5933*** -0.7883*** -0.4140***
(0.1005) (0.1094) (0.1273) (0.1301) (0.1062)

14-day lag of out of state trips 0.3834*** 0.5588*** 0.1259*** 0.3552*** 0.1888***
(0.0287) (0.0383) (0.0292) (0.0397) (0.0247)

14-day lag of COVID-19 Exposure per 1000 people -0.4555*** -0.1662*** -0.3297*** 0.0133 -0.2888***
(0.0399) (0.0301) (0.0611) (0.0005) (0.0336)

2-day lag of Tests Done per 1000 people -0.0761*** -0.0153** 0.0193 -0.0244** 0.0036
(0.0115) (0.0001) (0.0001) (0.0001) (0.0001)

Total Effecth
14-day lag of SDI-compliance -0.9838*** -1.0835*** -0.7483*** -1.1457*** -0.4892***

(0.0900) (0.1035) (0.1156) (0.1160) (0.1022)

14-day lag of out of state trips 0.4456*** 0.7612*** 0.1722*** 0.4673*** 0.2426***
(0.0293) (0.0409) (0.0305) (0.0411) (0.0267)

14-day lag of COVID-19 Exposure per 1000 people -0.3246*** -0.2159*** -0.3723*** -0.3267*** -0.3173***
(0.0138) (0.0133) (0.0239) (0.0209) (0.0146)

2-day lag of Tests Done per 1000 people -0.0600*** -0.0968*** -0.0314*** -0.0792*** -0.0317***
(0.0030) (0.0033) (0.0043) (0.0041) (0.0034)

Observations 226,224 105,984 120,096 113,112 113,040
County Fixed-Effects YES YES YES YES YES
χ2 statistics 4662.00 3271.80 857.46 1075.32 1854.68
AIC -387375.6 -232931.7 -169819.9 -165431.7 -229297.9
NOTES This Table reports spatial estimation results of social distancing compliance on growth rate of COVID-19 infections

using COVID-19 Impact Analysis Platform database provided by the University of Maryland for the time period March 19

to June 12. a High SVI: counties in the top 50% of the SVI distribution. b Low SVI: counties in the bottom half of the

SVI distribution. c Direct effect refers to within county’s effect d SDI stands for social distancing index. SDI-compliance is

a dummy variable that takes value 1 for counties within the top 50% of social distancing distribution, and 0 otherwise (i.e.

called non-compliant).e Percentage of all trips that cross state as calculated by MTI. f It is calculated by MTI as the number

of residents already exposed to COVID-19 per 1000 people. g Indirect effect shows neighboring counties social distancing

effect on county’s infection rate. h Total effect is the sum of the direct and indirect effects. Robust county-clustered standard

errors are presented in the parenthesis. Asterisks present statistical significance levels as follow, * p<0.10, ** p<0.05, ***

p<0.01.
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Table B.6: Spatial estimation results of different social distancing thresholds on 3-day moving
average growth rate of COVID-19 infections

Dependent variable: 3-day moving average growth rate of confirmed COVID-19 cases (%)

Nationwide Urban Rural High SVIa Low SVIb

Direct Effect c

14-day lag of SDI low-compliance d -0.0989 -0.0011 -0.1147 -0.1346 -0.1312
(0.0007) (0.0010) (0.0010) (0.0011) (0.0009)

14-day lag of SDI moderate-compliance d -0.2157** -0.1707 -0.2109* -0.3478** -0.1378
(0.0009) (0.0012) (0.0012) (0.0014) (0.0010)

14-day lag of SDI high-compliance d -0.3897*** -0.5134*** -0.2169 -0.7898*** -0.1041
(0.1153) (0.1480) (0.0016) (0.1796) (0.0013)

14-day lag of out of state trips e 0.0625*** 0.1986*** 0.0466*** 0.1116*** 0.0542***
(0.0126) (0.0231) (0.0160) (0.0231) (0.0134)

14-day lag of COVID-19 Exposure per 1000 people f 0.1301*** -0.0496* -0.0425 -0.3415*** -0.0283
(0.0364) (0.0003) (0.0006) (0.0452) (0.0003)

2-day lag of Tests Done per 1000 people 0.0167 -0.0827*** -0.0509*** -0.0569*** -0.0351***
(0.0001) (0.0073) (0.0135) (0.0103) (0.0075)

Indirect Effectg
14-day lag of SDI low-compliance -0.6484*** -0.4428*** -0.1727 -0.3323* -0.5884***

(0.1566) (0.1636) (0.0017) (0.0018) (0.1550)

14-day lag of SDI moderate-compliance -0.9003*** -0.8830*** -0.6043*** -0.7095*** -0.7319***
(0.1437) (0.1616) (0.1746) (0.1818) (0.1494)

14-day lag of SDI high-compliance -1.0549*** -1.0193*** -0.7129*** -0.8156*** -0.7318***
(0.1610) (0.1874) (0.2039) (0.2142) (0.1677)

14-day lag of out of state trips 0.3796*** 0.5425*** 0.1264*** 0.3482*** 0.1915***
(0.0288) (0.0385) (0.0292) (0.0398) (0.0247)

14-day lag of COVID-19 Exposure per 1000 people -0.4515*** -0.1663*** -0.3292*** 0.0157 -0.2849***
(0.0399) (0.0302) (0.0611) (0.0005) (0.0336)

2-day lag of Tests Done per 1000 people -0.0794*** -0.0160** 0.0182 -0.0244** 0.0009
(0.0115) (0.0001) (0.0001) (0.0001) (0.0001)

Total Effecth
14-day lag of SDI low-compliance -0.7473*** -0.4440** -0.2874 -0.4670** -0.7196***

(0.1636) (0.0018) (0.0019) (0.0019) (0.1700)

14-day lag of SDI moderate-compliance -1.1160*** -1.0537*** -0.8152*** -1.0573*** -0.8696***
(0.1327) (0.1528) (0.1671) (0.1675) (0.1463)

14-day lag of SDI high-compliance -1.4446*** -1.5327*** -0.9298*** -1.6054*** -0.8359***
(0.1324) (0.1570) (0.1691) (0.1718) (0.1474)

14-day lag of out of state trips 0.4421*** 0.7412*** 0.1729*** 0.4598*** 0.2457***
(0.0293) (0.0411) (0.0306) (0.0412) (0.0268)

14-day lag of COVID-19 Exposure per 1000 people f -0.3214*** -0.2158*** -0.3717*** -0.3258*** -0.3132***
(0.0139) (0.0133) (0.0239) (0.0210) (0.0147)

2-day lag of Tests Done per 1000 people -0.0626*** -0.0987*** -0.0327*** -0.0813*** -0.0342***
(0.0030) (0.0034) (0.0043) (0.0042) (0.0035)

Observations 226,224 105,984 120,096 113,112 113,040
County Fixed-Effects YES YES YES YES YES
χ2statistics 4635.61 3214.49 852.12 1048.33 1861.66
AIC -387393.7 -232955.1 -169814.8 -165444.7 -229309.1
NOTES This Table reports spatial estimation results of different social distancing compliance levels on growth rate of COVID-19 infections

using COVID-19 Impact Analysis Platform data base provided by University of Maryland for the time period between March 19 to June

12. a High SVI: counties in the top 50% of the SVI distribution. b Low SVI: counties in the bottom half of the SVI distribution.c

Direct effect refers to within county effect. d SDI stands for social distancing index. Counties in the bottom 25% of SDI distribution are

called non-compliant counties which is the baseline in the estimations, those in the second quartile are low-compliance, third quartile are

moderate-compliance, and the fourth quartile are the high-compliance counties. e Percentage of all trips that cross state as calculated

by MTI. f It is calculated by MTI as the number of residents already exposed to COVID-19 per 1000 people. g Indirect effect indicates

the average impact of social distancing compliance among neighboring counties on a county’s infection rate. h Total effect is the sum

of the direct and indirect effects. Robust county-clustered standard errors are presented in the parenthesis. Asterisks present statistical

significance levels as follow, * p<0.10, ** p<0.05, *** p<0.01.



Chapter 3

Black–White Disparities in COVID-19

Outcomes: The Relative Contribution

of disparity in healthcare access

3.1 Introduction

COVID-19 has disproportionately affected disadvantaged groups and minorities, especially

black communities in the US (Yancy, 2020; Millett et al., 2020). Louis-Jean et al. (2020)

reports that COVID-19 mortality for black is almost four times the national rate. Another

study shows that, in 14 states in the US, black individuals constitutes one-third of the hos-

pitalization, while they only comprise 18% of the population in those states (Garg, 2020).

Figure 3.1 illustrates the percentage of COVID-19 infections and mortality in black commu-

nities along with their share of the population for selective states during April 23, 2020 and

July 22, 2020. As shown in the Figure, the percentage of COVID-19 infections and mortality

in black communities is noticeably larger than their population portion, if not more than

double in some states.

These disparities in COVID-19 outcomes refocus attention on the long-lasting racial disparity

in health outcomes that are deep-rooted in systemic racism (Kullar et al., 2020). For a long
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time, existence of systemic racism triggers racial disparity in education, employment, income,

housing, food insecurity, healthcare access, and other factors, which exposes the disadvan-

taged groups to higher risk of COVID-19 infections, hospitalization, and death (Williams

and Cooper, 2019). Besides, exposure to socioeconomic and environmental inequalities in-

creases the occurrence of health conditions such as diabetes, obesity, hypertension, etc. that

are reported to further intensify the risk of sever COVID-19 infections (Garg, 2020).1

Finding the roots of disparity in COVID-19 outcomes helps to design policies to reduce

racial disparity in COVID-19 pandemic or possible future pandemics. Lack of knowledge in

the source of such disparities can lead to explanations grounded in biological differences or

behavioral patterns, which gives misleading policy insights for reducing the health disparities

(Chowkwanyun et al., 2020). Subsequently, this line of research has been recently known as

immediate priority (Chowkwanyun et al., 2020; Kullar et al., 2020).

Among the aforementioned factors, healthcare access has been known for a long time as

the focal point of eliminating disparity in health outcomes for socially disadvantaged groups

(Andrulis, 1998). According to CDC, one of the most important determinants of healthcare

access is the availability of health insurance.2 Uninsured individuals are less likely to use

healthcare services and have access to healthcare providers (Kilbourne, 2005). In particu-

lar, socially disadvantaged groups and minorities are found to be less likely to have health

insurance (Berchick et al., 2018).

Despite the importance of inequality in healthcare access on health disparity, a limited num-

ber of studies have examined the impact of healthcare access on disparity in COVID-19

outbreak (i.e., infections and mortality). Chunara et al. (2020) finds that the probability of

having healthcare access through telemedicine for black patients is only 60% of the prob-

1https:// www.cdc.gov/coronavirus/2019- ncov/need-extra-precautions/ people-at-higher-risk.html
2https://www.cdc.gov/nchs/data/factsheets/factsheethiac.pdf
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ability for white individuals during the pandemic, although COVID-19 infection was more

likely for these black telemedicine patients than white telemedicine individuals.

A big challenge to assess whether disparity in healthcare access contributes to racial disparity

in COVID-19 outcomes is data limitations. Although most states report the COVID-19

infections and mortality by race, the detailed data is not at the individual level due to

confidentiality rules. In this study, we examine whether disparity in access to healthcare

widens the racial disparity in COVID-19 infections and mortality among black and white

communities by linking multiple data sources at the state and individual-levels. In particular,

we use “The COVID Tracking Project at The Atlantic” data to obtain state-level COVID-

19 infections and mortality by race. Using Household Pulse Survey, a publicly available

dataset by U.S. Census Bureau, we obtain the healthcare access and socioeconomic status

of individuals nested in the states during the COVID-19 pandemic.

To examine how healthcare access impacts disparity in COVID-19 outcomes, we investigate

(1) disparity in access to healthcare during the pandemic, (2) the disparity in COVID-19

outcomes for black and white sub-samples, and (3) how the disparity in healthcare access

influences the disparity in COVID-19 outcomes, by employing decomposition methods, multi-

level analysis as well as aggregate methods.

Our findings confirm that COVID-19 pandemic has significantly hit the black sub-sample

more severely than whites. Black population comprise higher portion of COVID-19 infections

and mortality than their share in the population. Our findings show that black individu-

als are not only less likely to have health insurance as compared to white individuals but

also more likely to avoid medical care. Although a considerable portion of these differences

between healthcare access of the two groups can be explained by their differences in observ-

ables (e.g., demographics, socioeconomic and health status), a significant portion cannot be

explained by such observables.
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The two-step analysis indicates that disparity in having health insurance, net of individual

and state-level covariates, significantly decreases the disparity in COVID-19 mortality in

black sub-sample while it has no effect on disparity in white sub-sample. We also find that

having health insurance significantly reduces COVID-19 infections in white communities.

Results of this paper highlight the importance of healthcare access such as health insurance

in narrowing down the disparity in COVID-19 outcomes or other future pandemics.

3.2 Background

For many years, structural racism caused disparities in various health outcomes. Empirical

studies indicate that black communities experience around 100,000 premature death annu-

ally due to racial disparity in health (Levine et al., 2016). Structural racism widens racial

disparity in health outcomes through multiple interrelated channels: residential segregation,

socioeconomic status, mass incarceration, and medical care (Bailey et al., 2020).

Residential segregation is the most deterministic channel through which structural racism

influences health outcomes (Acevedo-Garcia et al., 2003). Black communities mostly reside

in areas with dense population of minorities with low income and low socioeconomic sta-

tus (Bailey et al., 2020). Residential segregation forms spatial distribution of resources such

as quality of housing, quality of education, population density, employment opportunities,

and access to health care (Bailey et al., 2020; Williams, 2001). These environmental factors

shape the socioeconomic status of residents and thus increase susceptibility to infectious

disease and COVID‐19 (Gravlee, 2020). Besides, the residential environment inadequacy

increases occurrence of chronic conditions- known as weathering hypothesis-, including hy-

pertension, obesity, cardiovascular disease, heart disease that subsequently makes minorities

more vulnerable to the complications of infectious disease such as COVID-19 (Bell et al.,
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2018; Maxwell, 2020). Wiemers et al. (2020) indicate that age, race, education, and income

are the predictors of specific chronic medical conditions that raises the risk of COVID-19

infections and mortality.

In addition, employment condition and occupational inflexibility prevents minorities from

complying adequately with social distancing and concludes in higher risk of infections. Stud-

ies found that black individuals are disproportionately work in the top nine essential indus-

tries which expose them to higher probability of getting infected by COVID-19 virus (Rogers

et al., 2020). Among black individuals who were in risk of sever COVID-19 infections, 56.5

percent lived in household consists of at least one worker who could not work from home

(Selden and Berdahl, 2020; Gould and Shierholz, 2020).

Literature has well-documented the racial inequality of US legal system, with black individ-

uals being more incarcerated as compared to their white counterparts (Kutateladze et al.,

2014; Knox et al., 2020). Disproportionate incarceration found to impact health of black

individuals in different ways. Black individuals are in higher risk of mortality after re-

lease (Binswanger et al., 2007). Moreover, prisons are found to be major transmission site

for infectious disease and COVID-19 in particular.3

Racial disparity in medical care access and usage is well-documented (Manuel, 2018). Mi-

norities are having less access to healthcare as compared to whites. For instance, black

individuals are less likely to have health insurance, which limits their access to medical care

services (Ashton et al., 2003). Even with control for socioeconomic condition, demographics,

and the level of medical care need, black individuals have been found to use healthcare ser-

vices less than their white counterparts (Sealy-Jefferson et al., 2015). Racial discrimination

also exists in healthcare providers, and thus the quality of treatment (Maina et al., 2018;

Hall et al., 2015). In particular, Hall et al. (2015) list a vast range of implicit discrimina-

3https://covidprisonproject.com
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tion in attitude of health professionals toward communities of color as compared to white

counterparts; from longer waiting time to offering fewer treatment options.

3.3 Methodology

We investigate the impact of disparities in healthcare access on disparity in COVID-19

pandemic in three steps, (1) we assess whether there is a disparity in healthcare access

during pandemic between black and white using decomposition methods, (2) we show there

is disparity in COVID-19 outcomes (i.e., infections and mortality), (3) we examine how

healthcare disparity impacts disparity in COVID-19 outcomes using aggregate method and

a two-step approach that is an extension of Multilevel Analysis.

3.3.1 Racial disparity in healthcare access

We conduct a Blinder-Oaxaca decomposition analysis (BO) (Oaxaca, 1973) which was pre-

viously used to explain race and gender gaps in labor market, and recently implemented in

health disparity research (Sen, 2014). The decomposition methods divide the differences in

the means of an outcome variable between two groups (here differences in healthcare access

between black and white individuals) into a portion that can be explained by group differ-

ences in observable explanatory variables and a portion that cannot be explained by the

observables. That is, BO decomposition partitions the group differences to an “explained”

part and an “unexplained” part. The “explained” part of this gap is the difference in the

outcome induced by group differences in the mean levels of observables. In this study, the

“explained” part represents the amount by which the black–white difference in healthcare

access would be reduced if, ceteris paribus, black individuals experienced the same mean
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levels of observables: gender, education, marital status, health status, income, and employ-

ment status (i.e., lost job or not) exposures as whites. In contrast, the “unexplained” part

is often interpreted as disparity and discrimination in the outcome between the two groups,

which may reflect the group differences in unobservables as well.

The BO decomposition method estimates two separate regression models for black and white

subgroups.4 Conceptually, these regressions are the same as simple regression model with

interaction terms between the race variable and each explanatory variable. The differences

in the coefficients is known as disparity in the dependent variable between the subgroups.

To account for the statistical dependence of health access in a household (i.e., clustering),

we conducted the BO decomposition with household level clustering in order to capture the

nesting feature of the data; individuals nested in household.

3.3.2 Racial disparity in COVID-19 pandemic

In the literature of health disparities, there is no unique definition for health disparity

(Williams et al., 2006; Harper and Lynch, 2005). In this study, we define disparity in

COVID-19 infections (mortality) for a racial group as difference between group’s portion of

COVID-19 infections(mortality) and portion of population consisting of that group (Moore

et al., 2020).5 Figure 3.3 presents the measurements of disparity for black and white by

regions. As is depicted in Figure 3.3, black community experiences higher disparity in both

COVID-19 infections and mortality in all regions with the largest gaps in Midwest and

South regions. Although recent studies and reports show that COVID-19 impacts minori-

ties and disadvantaged communities disproportionately (Louis-Jean et al., 2020; Garg, 2020;

McLaren, 2020), we provide further evidence by applying statistical t-test to investigate if

4The details of the BO decomposition method are presented in the appendix.
5Moore et al. (2020) state that disparity exist if this difference is ≥ 5%.
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the average disparity is significantly greater than 5% (Moore et al., 2020). More details are

presented in the results section.

3.3.3 Contribution of disparity in healthcare access to disparity in

COVID-19 outcomes

To examine how disparity in healthcare access affects the COVID-19 prevalence in black and

white communities, we need to utilize individual-level (micro) characteristics to explain state-

level outcome (macro). Since individuals are nested within the states, multilevel analysis

(DiPrete and Forristal, 1994) is an ideal method of estimation. However, the structure of

standard multilevel analysis is for macro-micro analysis, i.e., to explain micro-level outcomes

through macro-level explanatory variables.

To address our micro-macro research question, we employ two different methods for com-

parison as well as for the purpose of robustness of our results. The first method involves

aggregating the individual-level predictor to the state-level, i.e., using the group mean or

other measures of central location (Becker et al., 2018; Lim et al., 2005). Eventually, a

state-level analysis is performed in which the state-level outcome is regressed on the aggre-

gated individual-level predictor. The second method is a two-step approach introduced by

Griffin (1997) based on standard multilevel analysis in a hierarchical structure datasets (i.e.,

individuals are nested within states).

Aggregate method

Instead of using group means as in standard aggregate methods, we define the aggregate

measurement of disparity in healthcare access similar to the definition of disparity in COVID-



3.3. Methodology 91

19 outcomes.6 In particular, healthcare disparity in black community is defined as the

difference between portion of black individuals without health insurance and portion of

black population in each week by states. Subsequently, we estimate the impact of disparity

in healthcare access on disparity in COVID-19 infections and mortality using state Fixed-

effect method as follows:

Disparityst = α0 + βHst + α1Xst + µs + ϵst (3.1)

where Disparityst refers to black (white) disparity in COVID-19 outcome of state s at week

t, Hst indicates the black (white) disparity in healthcare access in state s at week t (e.g.,

disparity in health insurance and medical care avoidance). Xst indicates a set of time-variant

state-level covariates such as number of COVID-19 tests done per 1000 people, social dis-

tancing index in the state, unemployment rate and hospital bed utilization. µs denotes time-

invariant state-specific characteristics such as geographic condition and population density.7

ϵst indicates an i.i.d. error term.

We consider two different measures for the COVID-19 outcome variable (Disparityst) and

two values for disparities in healthcare access (Hst) for each racial sub-group: (1) black

(white) disparity in COVID-19 infections as outcome and black (white) disparity in health

insurance as the regressor, (2) black (white) disparity in COVID-19 infections as outcome

and black (white) disparity in medical care avoidance as the regressor, (3) black (white)

disparity in COVID-19 mortality as outcome and black (white) disparity in health insurance

as the regressor, (4) black (white) disparity in COVID-19 mortality as outcome and black

(white) disparity in medical care avoidance as the regressor.

6Croon and van Veldhoven (2007) show that arithmetic mean procedure gives valid estimates if the
micro-level variance of the aggregated variable is zero

7Since the period of study is weekly, these variables are fixed along time for each state.
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The two-step approach (micro-macro Analysis)

In hierarchical settings where individuals/households are nested within states, standard mul-

tilevel analysis is used to model the impacts of state-level predictors on individual-level out-

comes. However, in this study, we seek to explain state-level outcome through individual-

level predictors (i.e., micro-macro analysis). For this purpose, we implement the two-step

approach developed by Griffin (1997). The two-step approach is an extension of standard

multilevel analysis that enables us to examine the state-level outcomes by using individual-

level predictors. In the first step, we regress the individual-level outcome (e.g, access to

healthcare) on both individual and state-level predictors as follows:

Hsht = β1 + β2Xsh + β3Zsht + β4Ss + β5Kst + u0st + ϵsht (3.2)

Where Hsht indicates healthcare access for individual in household h in the state s at time

t (i.e., health insurance and medical care avoidance), Xsh is a vector of time-invariant

individual-level variables such as gender, marital status, education, number of household

members, and Zsht indicates time-variant individual-level variables such as income and em-

ployment status, etc. Ss indicates the time-invariant state-level variables such as percentage

of people older than 60 years old and median income in state, Kst indicates the time-variant

state-level variables such as unemployment rate and number of COVID-19 tests done per

1000 people. ϵsht indicates an i.i.d. error term. We are interested in u0st, the state-time level

residual of the equation, which is interpreted as the aggregate effect of individual variable

Hsht, net of both state and individual covariates. We obtain u0st by including a random inter-

cept for each combination of time and state in the estimation of equation (3.2) (Rabe-Hesketh

and Skrondal, 2008).8 In the second step, the state-level outcome (e.g., black disparity in the

8u0st presents how much the healthcare access for state S at time t is deviated from the average healthcare
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COVID-19 infections at the state-level) is regressed on the estimated residuals of individual’s

model, û0st, as follows:

Disparityst = γ0 + γ1û0st + µs + νst (3.3)

where Disparityst is defined in previous section and reflects the disparity in COVID-19

infections (mortality), µs refers to time-invariant state covariates, and νst presents the error

term. Griffin (1997) argues that û0st provides a better estimation than the group mean

aggregate. It is a model-based estimation of the state-level variance that is net of the

individual-level discrepancies. Moreover, û0st is adjusted for other explanatory variables

at the both levels. This estimation may save degrees of freedom and avoid collinearity

when we use û0st as a predictor in a subsequent state-level regression. Furthermore, in

multilevel analysis, the dependencies among individuals within a state are taken into account.

For example, two residents in the same state might be affected by similar state policies as

compared to two residents in different states.

The two-step approach is implemented separately on the black and white sub-samples. We

consider four different measures for Disparityst in estimation of equation (3.3): (1) black

disparity in COVID-19 infections, (2) black disparity in COVID-19 mortality, (3) white

disparity in COVID-19 infections, (4) white disparity in COVID-19 mortality.

3.4 Data

To conduct the analysis, we link state and individual-level data from multiple resources. We

obtain individual-level (micro) data from the Household Pulse Survey (HPS) available by

access.
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U.S. Census Bureau. The HPS is conducted in partnership with other federal agencies to

collect data on the social and economic impacts of COVID-19 in the U.S.9 The HPS data

is a weekly longitudinal data set of American households where phase 1 started April 23,

2020 and ended on July 21,2020 (Total of 986, 153 individuals). Accordingly, phase 1 of HPS

includes 12 waves (weeks) of data. The first wave covers the period of April 23 until May 5

which is two weeks long, while the rest of the waves are for a week long. Figure 3.2 displays

the timeline for each wave (week) of the HPS data. In the HPS, each household is followed

up only three weeks and it is possible that not the same individual within the household

was interviewed each time. HPS includes information about the respondent’s demographics,

employment, housing, food security, physical and mental health, access to healthcare, and

educational disruption.

3.4.1 Healthcare access

We construct two measures for healthcare access using information available in HPS dataset

(1) health insurance status, (2) medical care avoidance (delayed medical care; needed non-

coronavirus medical care but did not get it) due to the coronavirus pandemic in the past

4 weeks (National Academies of Sciences, 2018; Murata and Kondo, 2020). In particular,

respondents were asked “Are you currently covered by any types of health insurance or

health coverage plans?” The possible response could be yes (1) or no (0).10 Therefore,

health insurance is a dummy variable that takes the value of 1 if an individual has health

insurance coverage, 0 otherwise.

In regard to medical care avoidance, the respondents were asked: “At any time in the last 4

weeks, did you need medical care for something other than coronavirus, but DID NOT GET

9https://www.census.gov/householdpulsedata
10A total of 93,472 out of 986,153 observation are missing.
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IT because of the coronavirus pandemic?” and “At any time in the last 4 weeks, did you

DELAY getting medical care because of the coronavirus pandemic?” The respondents could

answer yes (1), no (0), or choose not to answer the questions. We define a dummy variable

for medical care avoidance as a combination of these two variables which takes value of 1 if

the answer to either of these questions is yes and 0 otherwise.11

3.4.2 COVID-19 outcomes

To obtain COVID-19 infections and mortality by racial groups, we use data from the “The

COVID Tracking Project at The Atlantic” that is publicly available.12 This database pro-

vides state-level information on COVID-19 related infections and mortality by race and

ethnicity every Sundays and Wednesdays starting April 12, 2020 across the U.S. plus Wash-

ington DC.

3.4.3 Other variables

In our models, we also include the following individual-level confounders using HPS data:

age, gender (female = 1), marital status(coded as 5 categories), education (using 7 nominal

categories), household size (total number of individuals in the household), income (coded

as 8 categories), health status (“Would you say your health in general is excellent(1), very

good(2), good(3), fair(4), poor(5)”), employment status (“Have you, or has anyone in your

household experienced a loss of employment since March 13 = 1”).

We also use data from the “COVID-19 Impact Analysis Platform” made publicly available

by the University of Maryland (UMD) (Zhang et al., 2020, MTI). This database provides

11A total of 95,776 out of 986,153 observations are missing.
12https://covidtracking.com/about
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information on COVID-19 related infections, deaths, social and economic indicators, social

mobility, as well as COVID-19 testing information at state-level for the entire US on a daily

basis. We use the UMD data to control for time-variant state-specifics during the pandemic

such as unemployment rate, and number of COVID-19 tests done per 1000 people, social

distancing index13, percentage of hospital bed utilization. Further state-level information

such as state’s population race profile (i.e., black and white proportion) are obtained from

US Census Bureau.

Therefore, we control in our models the following state-level variables: population density,

population older than 60 years old, unemployment rate, number of COVID-19 tests done

per 1000 people, social distancing index (with 2 weeks lag), percentage of hospital bed uti-

lization.14 Since expecting contemporaneous impact of healthcare access on disparities in

COVID-19 outcomes may be unrealistic, we enter the corresponding variables with lags in

our models. Moreover, due to the potential lags between COVID-19 infections and mortality

(e.g., Testa et al. (2020) reports 2 to 6 weeks lags between COVID-19 infections and deaths),

we enter healthcare access with one week lag in models with disparity in COVID-19 infec-

tions, and two weeks lag for models with disparity in COVID-19 mortality as the outcome.

Table 3.1 displays a summary of variables used in the two-step approach.

3.4.4 Linking data sets

Figure 3.2 represents the overlap between time frame of HPS and racial tracker dataset.

We accumulate the available racial tracker data within the weekly time frame of HPS. For

instance, we add up the COVID-19 infections reported on April 26, April 29, May 3, and
13Social Distancing Index = 0.8*[% stay-at-home + 0.01*(100 - %stay-at-home)*(0.1*% reduction all trips

+ 0.2*% reduction work trips + 0.4*% reduction non-work trips + 0.3*% reduction travel distance)] + 0.2*%
reduction out-of-county trips.

14we include social distancing with 2 weeks lag due to 14-day incubation period of COVID-19:
https://www.cdc.gov/coronavirus/2019-ncov/hcp/clinical-guidance-management-patients.html;
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May 6 together and consider the summation as COVID-19 infections corresponding to the

first week of HPS data.15 We conduct a similar procedure for COVID-19 mortality.

To match the daily variables in UMD with HPS and racial tracker, we take the average of

corresponding state-level variables (as mentioned earlier) in UMD within the time frame of

HPS data.

Accordingly, we obtain the number of COVID-19 infections and mortality by racial groups

correspond to the HPS weekly data. In this study, we focus on black versus white and limit

the sample to sub-sample of black and whites.

Table 3.2 presents the summary statistics of the selected variables in HPS data by race.

As Table 3.2 shows, black population in HPS dataset are significantly younger, more likely

female, less educated, and have larger households on average. Also, on average, black individ-

uals appear to have lower income and worse health status as compared to white individuals.

As is shown in this table, blacks are more likely to lose their jobs than whites, on average.

And on average, black individuals are not only less likely to have health insurance but also

more likely to avoid medical care.

Table 3.3 reports average impact of COVID-19 infections and mortality on black and white as

well as average percentage of population. As we see, black communities comprise on average

10.9% of the population, while they make up almost 28% of the COVID-19 infections and

25.1% of COVID-19 mortality. In contrast, whites compose 68% of population, 73.3% of the

COVID-19 infections, and 74.9% of COVID-19 mortality on average.

15For example, number of infections on April 29 includes daily infections of April 27, 28, and 29.



98
Chapter 3. Black–White Disparities in COVID-19 Outcomes: The Relative Contribution

of disparity in healthcare access

3.5 Empirical Results

3.5.1 Racial Disparity in healthcare access-Decomposition Method

Table 3.4 shows the BO decomposition that divides the differential probability of access to

healthcare between two race subgroups into a part that is “explained” by group differences

in observables, such as gender, education, marital status, health status, income, and employ-

ment status, and a part that cannot be explained by the group differences in observables.

The unexplained part is often interpreted as disparity, although it also involves the effects

of racial group differences in unobservables.

According to this table, the mean of probability of having health insurance is 95% for whites

and 90% for blacks, yielding a statistically significant gap of 5%. The decomposition part re-

flects that black individuals would have 3.7% higher probability of having health insurance if

they had the same observable characteristics as whites. The largest portion of this difference

is explained by income and probability of losing job during the pandemic. In particular, the

mean increase in probability of having health insurance for black people would increase by

2.1% if they had the same employment status and income as whites. Also, it shows a black

person with the same demographics (i.e., gender, age, education, marital status ) as a white

person would have 1.5% higher probability of having health insurance. The bottom part

of Table 3.4 shows, on average, 22%(0.011
0.048

) of the gap cannot be explained by observables,

which interprets as disparity.

As is shown in Table 3.4, average probability of medical care avoidance is 29.6% for white

individual, whereas it is 31% for black individuals. Black people experience 1.4%, on aver-

age, higher probability of medical care avoidance as compared to white people. This gap

is mostly explained by differences in the observables. Black individuals would have 3.5%
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lower probability of medical care avoidance if they had the same characteristics in terms of

demographics, income, employment status, and health status as whites. Although most of

the gap is explained by observable, there is a statistically significant 2.1% racial disparity in

medical care avoidance that cannot be explained by the observable characteristics.

Higher medical care avoidance in black communities might be explained by discrimination

in healthcare services. Recent studies show significant racial bias in healthcare providers

and its implicit potential impact on healthcare demands (Hall et al., 2015; Johnson, 2020).

In particular, Johnson (2020) finds that black individuals who had bad experience with

healthcare providers and professionals are less likely to seek treatment.16

3.5.2 Racial Disparity in COVID-19 Infections and Mortality

Fig.(3.3) presents the black and white disparity in COVID-19 infections and mortality by

regions in the U.S., respectively. The disparity gap between black and white is larger in

Midwest and South regions than West and Northeast parts. Noticeable, the black disparity

in both COVID-19 infections and mortality is positive, while the white disparity is negative.

That is, portion of black infections (mortality) is larger than the portion of black population

in each region.

Table 3.5 provides the summary statistics of disparity measurements for black and white

over the state during the time period of study. The statistics show the black disparity varies

between 0% and 40%. In particular, the portion of black COVID-19 infections goes up to

40% higher than their share of population, while the difference between portion of white

infections and their share of population is at most 37%. On average, disparity in COVID-19

infections for blacks is more than double the disparity in COVID-19 infections for whites.

16Investigation of such mechanisms is out of the scope of this study.
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Moore et al. (2020) defines disparity as difference of �5% between the minority portion of

COVID-19 infections and their share of population. The one-sample t-test results of the

comparison of mean disparity measurement and 5% are provided in the last two columns of

Table 3.5. Findings confirm the significant disparity in COVID-19 infections and mortality

for black sub-sample according to the definition proposed in Moore et al. (2020), indicating

COVID-19 hit the black communities more severely than the whites.

3.5.3 Contribution of healthcare access to racial disparity in COVID-

19 outcomes

Results based on aggregate method

Table 3.6 provides estimation results of healthcare access disparity on disparity in COVID-19

infections for black and white people using the aggregate model. The left panel of Table 3.6

shows that higher disparity in healthcare access in either form of health insurance or medical

care avoidance has no significant impact on COVID-19 infections in black communities.17

The right panel of 3.6 shows similar results for the white communities. Therefore, aggregate

method estimations assert that there is no association between healthcare access disparity

and disparity in COVID-19 infections.

Table 3.7 reports the estimation results of healthcare disparity on disparity in COVID-19

mortality for blacks and whites. It shows that disparity in health insurance significantly

increases black disparity in COVID-19 mortality. In particular, 1% increase in health insur-

ance disparity (i.e., higher portion of black individuals with no health insurance) is associated
17Table C.1 in the appendix reports the detailed estimation results corresponding to this table. The other

state-level variables show the expected association with COVID-19 disparity in infections. More COVID-19
testing is associated with lower disparity, higher unemployment increases the disparity, more social distancing
is associated with lower disparity, and hospital bed utilization plays no role in the disparity in COVID-19
infections among black community.
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with 2.7% higher disparity in COVID-19 mortality. However, medical care avoidance has

no impact on disparity in COVID-19 mortality.18 For the white communities, health insur-

ance disparity only marginally increases mortality disparity induced by COVID-19, while

disparity in medical care avoidance plays no role.

Results based on two-step method

Table 3.8 provides the results from the two-step approach with disparity in COVID-19 in-

fections as the outcome of interest.19 The fist part shows that there is no significant rela-

tionship impact of health insurance (net of state and individual characteristics) on disparity

in COVID-19 infections in black community. However, the medical care avoidance seems to

reduce the disparity in COVID-19 infections. One explanation might be that the medical

care avoidance may result in not being diagnosed with COVID-19 which decreases the num-

ber of positive cases and lead to lower disparity.20 For the white communities, higher health

insurance residuals significantly reduce the COVID-19 infections disparity, while medical

care avoidance residuals have no impact.

Table 3.9 displays the two-step estimation results with disparities in COVID-19 mortality

as the second step dependent variable.21 According to this table, we find a significant

reduction in disparity of COVID-19 mortality for black sub-sample as the net probability

of having health insurance increases. While, health insurance seems to have no effect on

COVID-19 mortality reduction in whites. For both black and white sub-samples, medical
18Table C.2 in the appendix reports the detailed estimation results corresponding to this table. The other

observables show a similar impact on COVID-19 mortality disparity as they have on COVID-19 infections
disparity except the hospital bed utilization which is significantly associated with reducing disparity in
COVID-19 mortality.

19The detailed estimation of coefficients in step 1 (i.e., corresponding to equation (3.2)) are provided in
Table C.3 in the appendix

20https://www.healthaffairs.org/do/10.1377/hblog20201023.55778/full/
21The detailed estimation of coefficients in step 1 (i.e., corresponding to equation (3.2)) are provided in

Table C.3 in the appendix
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care avoidance demonstrates no significant impact on mortality disparity reduction. The

two-step analysis estimations not only confirm the findings from aggregate method but also

reveal more potential relationships that could not be captured in the aggregate methods.

This highlights the importance of adjustments for both individual and state-level explanatory

variables in estimations. Findings in this study reflect the eminence of access to healthcare in

COVID-19 disparity reduction in blacks as well as disparity reduction in COVID-19 infections

in whites.

3.6 Discussion and Conclusion

In this paper, we investigate whether disparities in access to healthcare during the COVID-

19 pandemic affects the widely-noted racial disparity in COVID-19 outcomes. We focus on

black versus white subgroups, the two major racial groups comprise the U.S. population. To

implement the analysis, we link multiple dataset at the state-level with individual-level HPS

dataset in the period of April 23, 2020 and July 22, 2020.

We first explore the disparity in access to healthcare during the pandemic by employing

BO decomposition method. Second, we explain the disparity in COVID-19 infections and

mortality for black and white sub-samples, and finally, we explore how inequalities in health-

care access affect the disparity in COVID-19 infections and mortality by using two methods:

aggregate method and the two-step approach. The two-step approach is more reliable than

aggregate method, since it adjusts for the possible effects from the state and individual-level

confounders.

Our results indicate that black communities are significantly less likely to have health insur-

ance and more likely to avoid medical care as compared to their white sub-sample counter-

part. Our findings exhibit that disparity in healthcare access in the form of health insurance
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has no impact on disparity in COVID-19 infections within black sub-sample, while it signif-

icantly lowers the disparity in COVID-19 infections for white sub-sample. We use medical

care avoidance as second proxy for healthcare access and find that medical care avoidance

significantly lowers the disparity of COVID-19 infections in black sub-sample, while it has no

effect for the white sub-sample. With regard to COVID-19 mortality, we find that disparity

in health insurance significantly reduces disparity in COVID-19 mortality in blacks. This

results is robust across the two analysis methods. However, disparity in COVID-19 mortality

for white sub-sample does not seem to be affected by disparities in health insurance. Medical

care avoidance disparity has no impact on disparity in COVID-19 mortality of either blacks

or whites.

These findings demonstrate how health insurance can ameliorate racial health disparities,

especially in COVID-19 mortality in communities of color. The COVID-19 pandemic caused

millions of people to lost their job and subsequently lost employer-based health insurance.

A recent survey study shows that almost 40% of Americans who lost their job had employer-

based health insurance (Collins et al., 2020). Even those who are employed may find drops

in their health insurance since the employers seek to cut costs. (Cohen et al., 2020) predicts

that around 40 million people will be uninsured before the pandemic ends. Lack of health

insurance limits healthcare access, which leads to higher underlying health conditions and

less well-controlled chronic conditions in minorities. Substantially, these conditions and

illnesses further increase the risk of COVID-19 complications and mortality (Blumenthal

et al., 2020). Therefore, it is important to make health insurance available to all, such as

through expansions of the Affordable Care Act or similar plans that reduce the uninsured

rate across all groups, especially black communities (Chaudry et al., 2019). This study

provides supporting empirical evidence that eliminating healthcare access inequalities could

be a potential mechanism for reducing racial disparity in COVID-19 outcomes or any other
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future pandemics.

This study has several limitations. First, some states with considerable numbers of infec-

tions and deaths, such as New York, Vermont, and North Dakota, do not break down the

infections and deaths by race. And those states with reports on race do not reveal the de-

tailed socioeconomic and healthcare access information of COVID-19 patients and deaths

due to confidentiality rules. Lack of such information prevents us from precisely examining

the underlying mechanism that healthcare access impacts the prevalence of COVID-19 in

a certain sub-population. Second, it is well-known that the reported number of COVID-19

infections may not represent the actual number of COVID-19 infections due to lack of testing

capacity or access to healthcare etc. (Stock et al., 2020). For example, it is highly likely that

black individuals do not seek medical care and hence do not get counted among the infected

cases (Czeisler et al., 2020). Third, in the HPS data, the respondents are followed only for

three weeks which makes the panel structure not long enough to fully capture the trend

of healthcare access during the COVID-19 pandemic. At the time this study is conducted,

COVID-19 is surging more severely under its third wave. We plan to reinvestigate these

issues as more detailed data become available by the end of 2021.
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3.7 Table and Figures

Table 3.1: Summary of variables used in two-step approach

Regression Type of variable Variable Level Data source Time-variant

St
ep

1

Dependent
Medical care access

HHa HPSb Yes
(health insurancec, medical care avoidanced)

Independent

gender, educatione,
HH HPS -g

marital statusf , number of household members

incomeh, health statusi,
HH HPS Yes

employment statusj

pop >60 years old,
state Census No

median income in state

unemployment rate,
state UMDk Yes

number of COVID-19 tests done per1000 people

Step 2
Dependent Disparity in COVID-19 (infections) mortality state Racial Tracker Yes

Independent û0st state step 1 of equation Yes
NOTES This Table presents summary of variables used in the two-step approach corresponding to equations (3.2) and (3.3). a HH stands

for household. b HPS refers to Household Pulse Survey. c health insurance is a dummy variable which take value of 1 if individual has any

health plan coverage, and 0 otherwise. d Medical care avoidance is a dummy variable for combination of two variables (1)delayed medical

care (2) needed non-coronavirus medical care but did not get it due to the coronavirus pandemic in the past 4 weeks. If the answer to

any of these questions is yes, the medical care avoidance takes value 1, and 0 otherwise. e Education is based on 7 categories that ranges

from less than high schools to graduate degrees. f Marital status has 5 categories; ranges from now married until never married.g The

demographics might change overtime if different members within a household takes the HPS survey in different waves. h Income includes

8 categories range from less than $25000 to more than $200,000. i Health status is self reported health and can be (1) Excellent, (2) Very

good, (3) Good, (4) Fair, and (5) Poor. j Employment status is 1 if individual lost his/her job since march 13, 2020, and 0 otherwise. k

UMD refers to University of Maryland Impact Analysis Platform.
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Table 3.2: Summary statistics of HPS dataset

White Black Total Difference

Black 0 1 0.0832
(0.276)

Age 52.49 47.72 52.1 4.777***
(15.54) (14.03) (15.48) (0.06)

Female 0.587 0.7 0.597 -0.113***
(0.49) (0.46) (0.49) (0.00)

Education a 5.351 4.962 5.319 0.389***
(1.43) (1.51) (1.44) (0.01)

Marital Status b 2.103 2.964 2.174 -0.861***
(1.54) (1.74) (1.58) (0.01)

Number of household 2.766 3.055 2.79 -0.289***
members (1.56) (1.77) (1.58) (0.01)

Number of kids in household 0.619 0.874 0.64 -0.255***
(1.04) (1.18) (1.05) (0.00)

Number of adults in household 2.147 2.182 2.15 -0.0345***
(1.10) (1.28) (1.12) (0.00)

Income c 4.649 3.48 4.552 1.170***
(2.06) (2.00) (2.08) (0.01)

Employment status d 0.381 0.495 0.391 0.114***
(0.49) (0.50) (0.49) (0.00)

Health status e 2.336 2.689 2.366 -0.353***
(1.02) (1.03) (1.03) (0.00)

Health Insurance f 0.945 0.896 0.941 0.0487***
(0.23) (0.31) (0.24) (0.00)

Medical care avoidance g 0.297 0.311 0.298 -0.0141***
(0.46) (0.46) -0.457 (0.00)

Observations 780,555 70,803 851358
NOTES This Table reports summary statistics of selected variables by race in Household

Pulse Survey dataset for the time period between April 23, 2020 and July 22, 2020. The

dataset covers all states in the US plus Washington D.C. a Education is based on 7 categories

that ranges from less than high schools to graduate degrees. b Marital status has 5 categories;

ranges from now married until never married. c Income includes 8 categories range from

less than $25000 to more than $200,000.d Employment status is 1 if individual lost his/her

job since march 13, 2020, and 0 otherwise. e Health status is self reported health and can

be (1) Excellent, (2) Very good, (3) Good, (4) Fair, and (5) Poor. f health insurance is

a dummy variable which take value of 1 if individual has any health plan coverage, and 0

otherwise. g Medical care avoidance is a dummy variable for combination of two variables

(1)delayed medical care (2) needed non-coronavirus medical care but did not get it due to

the coronavirus pandemic in the past 4 weeks. If the answer to any of these questions is

yes, the medical care avoidance takes value 1, and 0 otherwise. Asterisks show that the

difference between the black vs. white is statistically significant i.e., * p<0.10, ** p<0.05,

*** p<0.01.
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Table 3.3: Summary statistics of COVID-19 infections and mortality by Race

Mean Minimum Maximum

COVID-19 Outcomes

Percentage of blacks in the population 10.9 0.34 45
(10.40)

Percentage of whites in population 67.9 21 93
(16.18)

Percentage of blacks in the COVID-19 infections 26.7 0.4 75.6
(17.90)

Percentage of whites in the COVID-19 infections 73.3 24.4 99.6
(17.90)

Percentage of blacks in the COVID-19 mortality 25.1 0 88.3
(19.20)

Percentage of whites in the COVID-19 mortality a 74.9 11.7 100
(19.20)

State Variables

Number of tests done per 1000 people 72.568 10.166 298.793
(47.24)

Unemployment rate 10.603 4.443 26.75
(3.35)

Social distancing Index b 31.911 18 71
(9.13)

Hospital bed utilization 52.764 28.791 102.724
(11.97)

Observations c 612
NOTES This Table reports summary statistics of population decomposition and COVID-19 out-

comes for black and white. The population data is obtained from US Census Bureau. The data

source for the COVID-19 outcomes is “The COVID Tracking Project at The Atlantic”. The state

variables are obtained from “COVID-19 Impact Analysis Platform” database available from the

University of Maryland. a The maximum of percentage of whites in the COVID-19 mortality is

100 because for some states there is no COVID-19 mortality record for black communities such as

Vermont. b The Social Distancing Index (SDI) is defined by Maryland Transportation Institute

(MTI) as follows: SDI = 0.8*[% stay-at-home + 0.01*(100 - %stay-at-home)*(0.1*% reduction all

trips + 0.2*% reduction work trips + 0.4*% reduction non-work trips + 0.3*% reduction travel

distance)] + 0.2*% reduction out-of-county trips. It is an integer between 0 (no social distancing

at all) and 100 (100% of the residents in the state follow social distancing). c we have total of 51

states and 12 weeks as our time variables that covers the period between April 23 and July 22,

2020. There fore, we have 612 observations as combination of states and weeks.
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Table 3.4: Blinder-Oaxaca decomposition of healthcare access for black and white

Health Medical Care

Insurance a Avoidance b

Differential

Prediction_White 0.946*** 0.296***
(0.00) (0.00)

Prediction_Black 0.898*** 0.310***
(0.00) (0.00)

Difference 0.048*** -0.014***
(0.00) (0.00)

Explained c

Demographics d 0.015*** 0.006***
(0.00) (0.00)

Employment statuse and Income 0.021*** -0.007***
(0.00) (0.00)

Health Status f 0.000*** -0.034***
(0.00) (0.00)

Total 0.037*** -0.035***
(0.00) (0.00)

Unexplained

Demographics -0.009** -0.019***
(0.00) (0.01)

Employment status and Income 0.004*** 0.001
(0.00) (0.00)

Health Status -0.001 -0.002
(0.00) (0.00)

Constant 0.018*** 0.041***
(0.01) (0.01)

Total g 0.011*** 0.021***
(0.00) (0.00)

Observations 888636 886304
NOTES: This table displays the Blinder-Oaxaca decomposition results of

health insurance and medical care avoidance by race. a health insurance is

a dummy variable which take value of 1 if individual has any health plan cov-

erage, and 0 otherwise. b Medical care avoidance is a dummy variable for com-

bination of two variables (1)delayed medical care (2) needed non-coronavirus

medical care but did not get it due to the coronavirus pandemic in the past 4

weeks. If the answer to any of these questions is yes, the medical care avoidance

takes value 1, and 0 otherwise. c Explained means portion of the difference be-

tween the outcome for black and white that can be explained by observables

list in this table. d Demographics include: Female, age, education, Marital

status. e Employment status is 1 if individual lost his/her job since march 13,

2020, and 0 otherwise. f Health status is self reported health and can be (1)

Excellent, (2) Very good, (3) Good, (4) Fair, and (5) Poor. g Total refers to the

total amount of difference that cannot be explained by the observables and is

interpreted as racial disparity. Asterisks present statistical significance levels

as follow, * p<0.10, ** p<0.05, *** p<0.01.
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Table 3.5: Summary statistics of Disparity variable for black and white

Observations Mean a sd b Minc Maxd
TTest e

t-statistics p-value

Black disparity in the COVID-19 infections 568 0.16 0.10 0.005 0.40 39.65 0
White disparity in the COVID-19 infections 568 0.07 0.19 -0.23 0.37 9 0
Black disparity in the COVID-19 mortality 518 0.13 0.11 -0.03 0.46 27.7 0
White disparity in the COVID-19 mortality 518 -0.10 0.17 -0.23 0.05 12.95 0
NOTES: This table reports the summary statistics of disparity in COVID-19 infections and mortality for black and white

communities, separately. a Mean refers to the average of a variable over all states and weeks. b sd refers to the standard

deviation of a variable. c Min refers to the minimum of a variable over states and weeks. d Max refers to the maximum of the

variable over states and weeks. eThe TTest conducted for comparing the mean disparity with 5% according to Moore et al.

(2020).

Table 3.6: Aggregate method estimation of disparity in healthcare access on disparity in
COVID-19 infection

Disparity in COVID-19 Infections a

black white

Lag of health insurance disparity a 0.0398 0.0366
(0.03) (0.03)

Lag of disparity medical care avoidance b -0.0202 -0.026
(0.09) (0.09)

Observations 417 463 477 477
NOTES: This table reports the aggregate method estimation results of healthcare access disparity

on disparity in COVID-19 infections. We have controlled for the state-fixed effects. More details

of these tables are presented in the Table C.1 in the appendix. a Disparity in COVID-19 infections

for a specific racial group is defined as difference between group’s portion of COVID-19 infections

and portion of population consisting of that group. b health insurance disparity for a specific

racial group is defined as difference between portion of people without health insurance and their

share in the population. c disparity in medical care avoidance for a specific racial group refers

to the difference between potion of people who avoid getting medical care and their share in the

population. Asterisks present statistical significance levels as follow, * p<0.10, ** p<0.05, ***

p<0.01.
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Table 3.7: Aggregate method estimation of disparity in healthcare access on disparity in
COVID-19 mortality

Disparity in COVID-19 mortality a

black white

Lag 2 of health insurance disparity b 0.0269** 0.0242*
(0.01) (0.01)

Lag 2 of disparity in medical care avoidance c 0.0468 0.0456
(0.05) (0.05)

Observations 414 434 440 440
NOTES: This table reports the aggregate method estimation results of healthcare access disparity on

disparity in COVID-19 mortality. We have controlled for the state-fixed effects. More details of these

tables are presented in the Table C.2 in the appendix. a Disparity in COVID-19 mortality for a specific

racial group is defined as difference between group’s portion of COVID-19 mortality and portion of

population consisting of that group. b health insurance disparity for a specific racial group is defined

as difference between portion of people without health insurance and their share in the population. c

disparity in medical care avoidance for a specific racial group refers to the difference between potion of

people who avoid getting medical care and their share in the population. Asterisks present statistical

significance levels as follow, * p<0.10, ** p<0.05, *** p<0.01.

Table 3.8: Two-step estimation of healthcare access impact on disparity in COVID-19 infec-
tions

Disparity in COVID-19 Infections a

black white

Lag of health insurance residuals b -0.02 -0.45**
(0.16) (0.23)

Lag of medical care avoidance c -1.51** 0.02
(0.64) (0.10)

Observations 522 522 523 523
NOTES: This table reports the aggregate method estimation results of healthcare access

disparity on disparity in COVID-19 infections. We have controlled for state variables such

as population density, population of older than 60 years old, unemployment rate, hospital

bed utilization. Estimation results of step 1 are presented in the Table C.3 in the appendix.
a Disparity in COVID-19 infections for a specific racial group is defined as difference between

group’s portion of COVID-19 infections and portion of population consisting of that group.
b health insurance residuals refers to estimation of state-week random intercept (u0st) in

equation(3.2) with health insurance as dependent variable. c Medical care avoidance residual

refers to estimation of state-week random intercept (u0st) in equation(3.2) with medical care

avoidance as dependent variable. Asterisks present statistical significance levels as follow, *

p<0.10, ** p<0.05, *** p<0.01.
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Table 3.9: Two-step estimation of healthcare access impact on disparity in COVID-19 mor-
tality

Disparity in COVID-19 Mortality a

black white

Lag 2 of health insurance residuals b -0.17** 0.1
(0.08) (0.12)

Lag 2 of medical care avoidance c -0.2 0.09
(0.33) (0.06)

Observation 440 440 440 440
NOTES: This table reports the aggregate method estimation results of healthcare access

disparity on disparity in COVID-19 mortality. We have controlled for state variables such

as population density, population of older than 60 years old, unemployment rate, hospital

bed utilization. Estimation results of step 1 are presented in the Table C.3 in the appendix.
a Disparity in COVID-19 infections for a specific racial group is defined as difference between

group’s portion of COVID-19 infections and portion of population consisting of that group.
b health insurance residuals refers to estimation of state-week random intercept (u0st) in

equation (3.2) with health insurance as dependent variable. c Medical care avoidance residual

refers to estimation of state-week random intercept (u0st) in equation (3.2) with medical care

avoidance as dependent variable. Asterisks present statistical significance levels as follow, *

p<0.10, ** p<0.05, *** p<0.01.
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Figure 3.1: Black portion of COVID-19 infections and mortality compared with their pop-
ulation share. Black and grey bars display the black share in COVID-19 infections and
mortality, respectively. Light blue bars with dashed outline represent percentage of blacks
in the state.
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Figure 3.2: Matching the time line of data in HPS, racial tracker

Figure 3.3: Infections and mortality disparity for black and whites by regions.

Note: The red horizontal line is the 0.05 line for comparison of disparities according to Moore
et al. (2020)
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Appendix C

(Third Chapter Appendix)

C.1 Blinder-Oaxaca Decomposition

The Blinder-Oaxaca decomposition partitions the group differences into an “explained” por-

tion and an “unexplained” portion. The “explained” portion of this gap is the difference in

the outcome attributable to the group differences in the mean levels of observables, while

the “unexplained” part is often interpreted as disparity and discrimination in the outcome

between the two groups, which may include the group differences in unobservables as well.

Suppose there are two groups, black (B) and whites (W); H is the outcome variable (health-

care access); and a X is set of explanatory variables such as demographics, socioeconomic

status, and etc. BO decomposition explains how much of the mean difference in healthcare

access (E(HW ) − E(HB)) is accounted for group differences in the explanatory variables.

Given the base linear model:

Hg = X′
gβg + ϵg, E(ϵg) = 0, g ∈ (W,B) (C.1)

where X is a vector of predictors and a constant, β contains the slope parameters and the

intercept, and ϵ is the error term, the mean outcome difference can be expressed as the

difference in the linear prediction at the group-specific means of the explanatory variables

as follows:
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E(HW )− E(HB) = E(X′
W )βW − E(X′

B)βB (C.2)

We can further decompose the difference between the two expected outcomes as follows:

E(HW )− E(HB) = E(X′
W )βW − E(X′

B)βB = E(X′
W )(βW − βB) + (E(X′

W )− E(X′
B))

′βB

(C.3)

In the RHS of equation (C.3), the first expression is the coefficient effect that interprets as

disparity and the second term presents the part that is explained by group differences in

explanatory variables called endowment effects.
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C.2 Supplementary Tables

Table C.1: Aggregate method estimation of disparity in healthcare access on disparity in
COVID-19 infection

Disparity in COVID-19 Infections a

black white

Lag of health insurance disparity a 0.0398 0.0366
(0.03) (0.03)

Lag of disparity medical care avoidance b -0.0202 -0.026
(0.09) (0.09)

Number of tests done per 1000 people -0.0001*** -0.0001*** -0.0001 -0.0001
(0.00) (0.00) (0.00) (0.00)

Unemployment rate 0.0045*** 0.0036*** 0.0013 0.0011
(0.00) (0.00) (0.00) (0.00)

Lag 2 of Social distancing Index -0.0003 -0.0005 -0.0003 -0.0002
(0.00) (0.00) (0.00) (0.00)

Hospital bed utilization -0.0018*** -0.0014*** -0.0038*** -0.0039***
(0.00) (0.00) (0.00) (0.00)

Constant 0.1006*** 0.0945*** -0.0914 -0.0884
(0.03) (0.03) (0.06) (0.06)

Observations 417 463 477 477
NOTES: This table reports the aggregate method estimation results of healthcare access disparity on dis-

parity in COVID-19 infections. We have controlled for the state-fixed effects. a Disparity in COVID-19

infections for a specific racial group is defined as difference between group’s portion of COVID-19 infections

and portion of population consisting of that group. b health insurance disparity for a specific racial group

is defined as difference between portion of people without health insurance and their share in the popula-

tion. c disparity in medical care avoidance for a specific racial group refers to the difference between potion

of people who avoid getting medical care and their share in the population. Asterisks present statistical

significance levels as follow, * p<0.10, ** p<0.05, *** p<0.01.
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Table C.2: Aggregate method estimation of disparity in healthcare access on disparity in
COVID-19 mortality

Disparity in COVID-19 mortality a

black white

Lag 2 of health insurance disparity b 0.0269** 0.0242*
(0.01) (0.01)

Lag 2 of disparity in medical care avoidance c 0.0468 0.0456
(0.05) (0.05)

Number of tests done per 1000 people -0.0001*** -0.0001*** 0.0005*** 0.0005***
(0.00) (0.00) (0.00) (0.00)

Unemployment rate 0.0014** 0.0013** 0.0109** 0.0109**
(0.00) (0.00) (0.00) (0.00)

Lag 2 of Social distancing Index -0.0005*** -0.0005*** -0.0062*** -0.0061***
(0.00) (0.00) (0.00) (0.00)

Hospital bed utilization -0.0006* -0.0005 0.0043* 0.0041*
(0.00) (0.00) (0.00) (0.00)

constant 0.1140*** 0.1043*** -0.3112** -0.3160**
(0.02) (0.02) (0.13) (0.13)

Observations 414 434 440 440
NOTES: This table reports the aggregate method estimation results of healthcare access disparity on disparity in

COVID-19 mortality. We have controlled for the state-fixed effects. a Disparity in COVID-19 mortality for a specific

racial group is defined as difference between group’s portion of COVID-19 mortality and portion of population con-

sisting of that group. b health insurance disparity for a specific racial group is defined as difference between portion of

people without health insurance and their share in the population. c disparity in medical care avoidance for a specific

racial group refers to the difference between potion of people who avoid getting medical care and their share in the

population. Asterisks present statistical significance levels as follow, * p<0.10, ** p<0.05, *** p<0.01.
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Table C.3: Step 1 estimation results in the two-step approach

Black sub-sample White sub-sample

Health Insurance a Medical Care Avoidance b Health Insurance Medical Care Avoidance

Individual-level variables
Female 0.0475*** 0.0670*** 0.0170*** 0.0461***

(0.00) (0.00) (0.00) (0.00)

Age 0.0026*** -0.0005*** 0.0017*** -0.0004***
(0.00) (0.00) 0.00 0.00

Number of household members 0.0061*** 0.0094*** 0.0013*** 0.0098***
(0.00) (0.00) (0.00) (0.00)

Education
2. Some high school 0.0664*** -0.0108 0.0398*** -0.0084

(0.01) (0.02) (0.00) (0.01)

3. High school graduate or equivalent (for example GED) 0.0836*** 0.0079 0.1002*** 0.0428***
(0.01) (0.02) (0.00) (0.01)

4. Some college, but degree not received or is in progress 0.1176*** 0.0943*** 0.1250*** 0.1156***
(0.01) (0.02) (0.00) (0.01)

5. Associate’s degree (for example AA, AS) 0.1240*** 0.0990*** 0.1332*** 0.1166***
(0.01) (0.02) (0.00) (0.01)

6. Bachelor’s degree (for example BA, BS, AB) 0.1269*** 0.1201*** 0.1503*** 0.1185***
(0.01) (0.02) (0.00) (0.01)

7. Graduate degree (for example master’s, professional, doctorate) 0.1346*** 0.1493*** 0.1489*** 0.1461***
(0.01) (0.02) (0.00) (0.01)

Marital Status
2. Widowed 0.0004 -0.0082 0.0053*** -0.0178***

(0.01) (0.01) (0.00) (0.00)

3. Divorced -0.0171*** 0.0150*** -0.0195*** 0.0174***
(0.00) (0.01) (0.00) (0.00)

4. Separated -0.0215*** 0.0179** -0.0373*** 0.0233***
(0.01) (0.01) (0.00) (0.00)

5. Never married -0.0211*** -0.0220*** -0.0199*** -0.0416***
(0.00) (0.00) (0.00) (0.00)

Income
2. $25,000 - $34,999 0.0234*** 0.0013 0.0144*** -0.0137***

(0.00) (0.01) (0.00) (0.00)

3. $35,000 - $49,999 0.0567*** 0.0092 0.0353*** -0.0038*
(0.00) (0.01) (0.00) (0.00)

4. $50,000 - $74,999 0.0723*** 0.0163*** 0.0628*** -0.0001
(0.00) (0.01) (0.00) (0.00)

5. $75,000 - $99,999 0.0892*** 0.0143** 0.0804*** 0.0025
(0.00) (0.01) (0.00) (0.00)

6. $100,000 - $149,999 0.1032*** 0.0261*** 0.0925*** 0.0026
(0.00) (0.01) (0.00) (0.00)

7.$150,000 - $199,999 0.1065*** 0.0158* 0.0959*** -0.0055**
(0.01) (0.01) (0.00) (0.00)

8.$200,000 and above 0.1050*** 0.0224** 0.0963*** -0.0023
(0.01) (0.01) (0.00) (0.00)

Continued to the next page
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Continued from previous page

Black sub-sample White sub-sample

Health Insurance a Medical Care Avoidance b Health Insurance Medical Care Avoidance

Individual-level variables
Health status
2.Very good 0.0044 0.0692*** 0.0005 0.0724***

(0.00) (0.01) (0.00) (0.00)

3.Good 0.0047 0.1429*** -0.0062*** 0.1701***
(0.00) (0.01) (0.00) (0.00)

4.Fair 0.0127*** 0.2641*** -0.0064*** 0.3002***
(0.00) (0.01) (0.00) (0.00)

5.Poor 0.0099 0.3698*** 0.0093*** 0.4057***
(0.01) (0.01) (0.00) (0.00)

State-level variables
Employment Status 0.0862*** -0.0599*** 0.0556*** -0.0783***

(0.00) (0.00) (0.00) (0.00)

Population density 0.000 0.000 0 .000 0.0000***
(0.00) (0.00) (0.00) (0.00)

State-median Income 0.0000*** 0.0000 0.0000*** 0.0000***
(0.00) (0.00) (0.00) (0.00)

Number of tests done per 1000 people 0.0001*** -0.0001*** 0.0001*** -0.0001***
(0.00) (0.00) (0.00) (0.00)

Unemployment rate 0.0038*** 0.0018*** 0.0009*** 0.0032***
(0.00) (0.00) (0.00) (0.00)

Percentage of people older than 60 years old 0.0038*** -0.0017* 0.0022*** 0.0010**

(0.00) (0.00) (0.00) (0.00)
Constant 0.2435*** 0.1205*** 0.4676*** 0.0857***

(0.03) (0.03) (0.01) (0.02)

Variance Componentc .017 .012 .008 .019
Observations 71118 71216 782749 783298
NOTES: This table reports estimation results of step 1 in two-step approach. a health insurance is a dummy variable which take value of 1 if individual

has any health plan coverage, and 0 otherwise. b Medical care avoidance is a dummy variable for combination of two variables (1)delayed medical

care (2) needed non-coronavirus medical care but did not get it due to the coronavirus pandemic in the past 4 weeks. If the answer to any of these

questions is yes, the medical care avoidance takes value 1, and 0 otherwise.c It refers to the standard deviation of random effect component. Asterisks

present statistical significance levels as follow, * p<0.10, ** p<0.05, *** p<0.01.
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