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Abstract: Since its emergence, COVID-19 has caused a great impact in health and social terms. 1

Governments and health authorities have attempted to minimize this impact by enforcing different 2

mandates. Recent studies have addressed the relationship between various socioeconomic vari- 3

ables and compliance level to these interventions. However, little attention has been paid to what 4

constitutes people’s response and whether people behave differently when faced with different 5

interventions. Data collected from different sources show very significant regional differences across 6

the United States. In this paper, we attempted to shed light on the fact that a response may be different 7

depending on the health system capacity and each individuals’ social status. For that, we analyzed 8

the correlation between different societal variables (i.e. education, income levels, population density, 9

etc.) along with healthcare capacity related variables (i.e. hospital occupancy rates, percentage of 10

essential workers, etc.) with regards to people’s level of compliance with three main governmental 11

mandates in the United States: mobility restrictions, mask adoption, and vaccine participation. Our 12

aim was to isolate the most influential variables impacting behavior in response to these policies. 13

We found that there was a strong relationship between individuals’ educational levels and political 14

preferences with respect to compliance with each of these mandates. 15

Keywords: behavioral analysis; COVID-19; governmental intervention; mask adoption; movement 16

change; vaccine participation; non-pharmaceutical interventions; policy recommendations; social 17

physics; social behavior 18

1. Introduction 19

The emergence of the SARS-CoV-2 virus (COVID-19) has dramatically impacted the 20

world over the last two and half years. Since the first cases were reported in the Chinese 21

province of Wuhan in late 2019, the virus has been rapidly spreading across the globe. In 22

March 2020, the situation was declared a pandemic by the World Health Organization 23

(WHO) when the worldwide death count was 4,291 and more than 118,000 cases were 24

distributed across 114 countries. By mid August 2022, 592 million cases and 6.44 million 25

deaths have been officially reported. The United States alone accounts for 93 million cases 26

and more than one million deaths [1]. 27

28

The COVID-19 pandemic caught most countries, especially in the western world, 29

devoid of answers. The still remaining large number of unanswered questions and the 30

need to contain the impact of the pandemic forced most of the countries to adopt policies 31

aiming to keep social distances and to limit human mobility. Since the disease caused 32
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by the Coronavirus is a type of respiratory disease, primary policies were based on two 33

main non-pharmaceutical interventions (NPIs): mobility restrictions and mask mandates 34

[2–4]. The mobility restrictions policies aimed to minimize the number and frequency 35

of interactions among people by suggesting to stay at home except for essential reasons 36

such as commuting to work, attendance to medical appointments, or basic shopping. Such 37

policies were followed by closing non-essential businesses and limiting the capacity of 38

essential ones in order to leave enough space for customers to keep their social distance. 39

Mask adoption mandates were enforced by most states since the initial phases of COVID-19 40

virus spread and were adopted by almost all businesses and organizations. Even after 41

the COVID-19 vaccine was majorly available in mid 2021, mask adoption was extremely 42

encouraged by healthcare officials in the event of a rise in confirmed cases. 43

44

Many studies have analyzed the effectiveness of such interventions and their impact 45

on urban areas. Those studies have mostly used statistical modeling techniques to show 46

the effectiveness of lockdown policies in mitigating the disease spread by reducing human 47

mobility [3–10]. Although these studies indicate that adherence to social distancing is 48

crucial in controlling the disease spread, Holtz et al.[11] show that ignoring the effects of 49

social and geographical spillovers could negatively impact the effectiveness of such policies. 50

This is followed by another line of research that pertains to modeling and predicting the 51

disease spread across several scenarios [7–12]. These studies have resulted in important 52

insights for the implementation of more optimal policies. 53

54

Although all mentioned studies agree on the benefits of social distancing during the 55

pandemic, they also indicate that the compliance with such policies shows significant differ- 56

ences among various socio-demographic groups, confirming the disproportionate impact 57

of COVID-19 on some of them [7,13–15]. For instance, neighborhoods with lower income 58

have been suffering from both higher infection rates as well as more negative impact on the 59

employment rates. In addition to income, some social factors such as education levels and 60

political belief explain differences in adherence to social distancing measures [16–18], but 61

it is shown that they are less important in comparison to the poverty level. For example, 62

Painter and Qiu [17] showed that American residents in Republican counties were less 63

likely to completely stay at home after a state order. They also found that Democrats were 64

less likely to respond to a state-level order when it was issued by a Republican governor 65

relative to one issued by a Democratic one. Other research has analyzed the effectiveness of 66

face covering in slowing the spread of coronavirus, showing significant differences among 67

neighborhoods in adherence to mask adoption mandates [19–21]. 68

69

Initially, the adoption of NPIs was temporary until the implementation of a permanent 70

solution in form of vaccination took place. The eventual adoption of NPIs facilitated an 71

escalated medical assistance in the society. The crucial objective was to massively reduce 72

the number of deaths caused directly by the virus, but also to avoid the collapse of the 73

healthcare system by keeping an optimal attention to all the people affected by the virus 74

and/or any other ailments [1]. The successive approval of vaccines since the end of 2020 75

helped with minimizing the impact of the disease. The aim was to reduce exponentially 76

the impact of the virus in terms of infections and fatalities. 77

78

Most of the western countries have experienced many difficulties in containing the 79

virus. From the very beginning, various national strategies ranging from coexisting with the 80

virus to its total suppression, the so-called Zero COVID strategy, initially adopted by Swe- 81

den and China which are the most significant examples in both policies respectively [22]. 82

The unequal spread and impact of this virus is very noticeable over different geographies. 83

The spread pattern of the virus differs significantly depending on the socio-demographic 84

factors of each community [23–25]. Significant differences were evident across continents, 85

nations, regions, cities, and even neighborhoods. This has revealed the great territorial 86

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 October 2022                   doi:10.20944/preprints202210.0310.v1

https://doi.org/10.20944/preprints202210.0310.v1


Version October 9, 2022 submitted to Int. J. Environ. Res. Public Health 3 of 27

complexity associated with the virus and the emergence of vast territorial inequalities 87

across multiple scales. 88

89

The actual impact of the virus goes far beyond the health issues, causing a great uncer- 90

tainty about its effects in other sectors as well. In fact, the pandemic foreshadows difficult 91

economic scenarios as well [26]. Thus, some scholars anticipate the impoverishment of 92

large sections of communities, further emphasizing social inequalities. Beyond the great 93

differences in terms of wealth (i.e. social coverage policies) and resources (i.e. health 94

response capacity) with which different countries face this pandemic, the official number 95

of infections reveals a more realistic measure of spread within each community. The social 96

dynamics behind the collective behavior help to better understand of the actual incidence 97

of the virus [27–29]. 98

99

Regardless of the particular interventions and policies enforced by health authorities 100

in each region, a critical factor relates to the level of compliance with rules and recommen- 101

dations by the people. Thus, adherence of citizens to the rules and their social behavior 102

must be evaluated in order to better understand the real impact of policies. Collective 103

responses should be investigated considering multiple factors and variables, which allows 104

us to address the socio-spatial complexity behind the compliance with mandates. Among 105

these factors, aspects related to individuals’ ideological and political preferences, level of 106

income, educational levels, and/or their geographical location properties (rural vs. urban) 107

must be considered as potential factors behind the virus spreading and people’s compliance 108

with mandates. 109

110

From a spatial perspective, virus’ incidence was initially concentrated in large cities in 111

most countries during the first wave. According to the United Nations [30], urban areas 112

became ground zero of the COVID-19 pandemic by allocating around 90 percent of the 113

reported cases at the initial stages of the spread. In the United States, the impact of the 114

virus in the central states, which are less populated, was delayed and more contained in 115

the first months. There, compliance with the official rules was laxer due to the perception 116

of a more distant danger. 117

118

In this paper, we analyze the correlation between a group of socioeconomic variables 119

and the people’s response to three main governmental policies enforced by the American 120

authorities for containing the pandemic: (a) mobility restrictions, (b) mask adoption, and 121

(c) vaccine participation. Our aim is to isolate what were the most influential variables 122

impacting people’s responses to these policies. The results give us a better understanding 123

of the collective behavior within human communities in the United States. These factors 124

are crucial for the design and implementation of more efficient and optimal policies in case 125

of emergencies in the future. This paper is structured as follows: Section 2 details material 126

and methods, Section 3 presents the analysis and results, and Section 4 discusses the most 127

significant findings. 128

2. Material and Methods 129

This section is divided into three sub-sections: Data Collection (2.1), Data Parametriza- 130

tion (2.2), and Data Processing (2.3). 131

2.1. Data Collection 132

We collected information about healthcare and socioeconomic indicators from vari- 133

ous data sources. Healthcare indicators refer mainly to the health system’s capacity [31], 134

whereas socioeconomic indicators refer to aspects related to educational level [32,33], po- 135

litical preference [34], and income level [32] within communities. We also included the 136

data related to how people are spatially distributed in each geographical unit [35], which 137

can help to understand much better the social dynamics across different scales [36,37]. 138
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In addition, a number of indicators related to the COVID-19 impact were particularly 139

considered within a third group containing information about epidemiological data in 140

terms of incidence and tests, in addition to information related to (a) mobility restrictions, 141

(b) mask adoption, and (c) vaccine participation [31,38,39]. 142

143

Altogether, we considered 25 indicators organized into six groups. For a simpler 144

analysis, each group was assigned a unique code, structured as an XX-YY or XXX-YY code, 145

where XX or XXX refer to each of the six major groups, while YY identifies each individual 146

indicator. The particular codes of each major group stand as follows: COVID-19 (C19), 147

Education Level (EL), Healthcare Capacity (HC), Economic Level (EC), Political Preference 148

(PP), and Population Settings (PS). A complete list of these groups and indicators, and the 149

relevant metadata (i.e. descriptor, sample number, time frame, and value range) are shown 150

in Tables 1 and 2. 151

152

The value of the respective indicators is quantified by counties across the United States. 153

Administratively, the country has 3,143 counties (and county equivalents) showing very 154

significant differences in both size and population between them. The largest counties are 155

located in the western sector, while the most densely populated counties are located on 156

both coastal shorelines. 157

Table 1. Complete list of indicators initially considered for this study. Each row corresponds to an
individual indicator. The list includes 25 individual indicators that are part of 6 variable groups. We
include metadata such as indicator code, variable group (cluster), and a brief description of each
indicator.

CODE Variable Group Variable Descriptor

C19-TT COVID-19 - Epidemiological Data COVID-19, number of tests performed
C19-CC COVID-19 - Epidemiological Data COVID-19, number of cases
C19-DD COVID-19 - Epidemiological Data COVID-19, number of deaths
C19-TC COVID-19 - Epidemiological Data COVID-19, test capacity
C19-MC COVID-19 - Mask usage within 1.80 m Combined Score
C19-MA COVID-19 - Mask usage within 1.80 m Always
C19-MF COVID-19 - Mask usage within 1.80 m Frequently
C19-MS COVID-19 - Mask usage within 1.80 m Sometimes
C19-MR COVID-19 - Mask usage within 1.80 m Rarely
C19-MN COVID-19 - Mask usage within 1.80 m Never
C19-MO COVID-19 - Mobility Movement change compared to baseline
C19-PT COVID-19 - Mobility Percent people staying at home
C19-VC COVID-19 -Vaccine Percent of people with the vaccine participation

completed

EL-LC Educational Level Percent of people with less than college degree
EL-MC Educational Level Percent of people holding college degree or higher
EL-FI Educational Level Federal investment in Education

HC-HB Health system capacity Number of beds in hospitals
HC-HO Health system capacity Occupancy rate in hospitals
HC-PW Health system capacity Percent essential workers

EC-PO Economic Level Poverty estimates
EC-UN Economic Level Percentage of unemployment
EC-IN Economic Level Median of Income

PP-DW Political Preference Democratic Party wins

PS-PD Population settings Population density
PS-RL Population settings Percent of people living in rural areas
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Table 2. Complete list of indicators initially considered for this study. Each row corresponds to an
individual indicator. The list includes 25 individual indicators that are part of 6 variable groups. We
include additional information such as sample characteristics, time frame, and value range.

CODE Sample (N) Time Frame Value Range

C19-TT 762,382 people Jul. 2nd -14th, 2020 Number: (0-28,282.28) tests/county
C19-CC 53,134 people Jul. 2nd -14th, 2020 Number: (0-2,566.638) cases/county
C19-DD 613 people Jul. 2nd -14th, 2020 Number: (0-35.04615) deaths/county
C19-TC 574,339 people Jul. 2nd -14th, 2020 Number: (0-28282.27) tests/county
C19-MC 250,000 people Jul. 2nd -14th, 2020 Number: (2.014-4.849) range/county
C19-MA 250,000 people Jul. 2nd -14th, 2020 Number: (0.115-0.889) range/county
C19-MF 250,000 people Jul. 2nd -14th, 2020 Number: (0.029-0.549) range/county
C19-MS 250,000 people Jul. 2nd -14th, 2020 Number: (0.001-0.422) range/county
C19-MR 250,000 people Jul. 2nd -14th, 2020 Number: (0-0.384) range/county
C19-MN 250,000 people Jul. 2nd -14th, 2020 Number: (0-0.432) range/county
C19-MO 33,069 people Jul. 2nd -14th, 2020 Number: (-0.29-0.97) units/county
C19-PT 33,069 people Jul. 2nd -14th, 2020 Number: (0.10-0.35) units/county
C19-VC 98,838 people Sep 1st, 2021 Percentage: (0.3-68.36) %

EL-LC 56,039,323 2019 Percentage: (0.052-0.606) %
EL-MC 34,223,453 2019 Percentage: (0-0.776) %
EL-FI 34,223,453 2019 Number: (25700-5972592206) USD

HC-HB 24,231 Jul. 2nd -14th, 2020 Number: (532-50471) beds/county
HC-HO 24,231 Jul. 2nd -14th, 2020 Rate: (0-0.915) beds/day
HC-PW 3,212,312 Jul. 2nd -14th, 2020 Percent: (0.17-0.79) %

EC-PO Whole US 2019 Number: (12 - 1,319,242) people
EC-UN Whole US 2019 Number: (4 - 234,262) people
EC-IN Whole US 2019 Number: (24,732 - 151,806) USD

PP-DW Whole US Nov. 3rd, 2020 Binary: (0 , 1)

PS-PD Whole US 2019 Total: ( 0.01-27819.80) people/sq.mile
PS-RL Whole US 2019 Percentage: (0-100) %

Data are extracted from different sources, including both official repositories (i.e. the 158

US Census Bureau [35]) and unofficial ones, ranging from social networks (Facebook’s 159

Data for Good Initiative [38]) to media surveys (New York Times [39]). The time frame of 160

this study corresponds to a 2-week period, between July 2nd and July 14th, 2020. For the 161

official datasets, we opt for the most recent date that corresponds to the end of 2019 or 2020. 162

In order to provide accessibility to all the data used in this study, we implement a publicly 163

available GitHub repository where we store all data here used (check Data Availabity 164

Statement). The final dataset contains information on 25 individual indicators (number of 165

columns) for 3,143 counties (rows). 166

167

A brief description of the individual indicators and the way this is organized in six 168

variable groups is shown hereunder: 169

170

2.1.1. COVID-19 Data (C19) 171

The C19 group contains information related to the COVID-19 impact, but also the 172

people’s responses to that. We define four subgroups of data within: (a) epidemiological 173

data, (b) mask adoption within a certain distance, (c) mobility restrictions, and (d) data 174

related to vaccine participation. 175

176

Regarding (a), we include information from four different individual indicators re- 177

lated to incidence and testing factors. Incidence is quantified based on the number of new 178

COVID-19 related cases (C19-CC) and deaths (C19-DD). In both cases, data corresponds to 179

the total number of cases/deaths officially reported for a 7-day period. Data are sourced 180
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from US COVID-19 Atlas [31], where these are updated on a daily basis. In addition, 181

the number of tests performed (C19-TT) and the testing capacity (C19-TC) are indicators 182

pertaining to testing factors and healthcare capacity. 183

184

Regarding (b), we include six different indicators related to the mask adoption, which 185

is defined as the frequency that people were using the mask at that time. This data was 186

extracted from a survey conducted by the New York Times between July 2nd and July 187

14th, 2020 [39]. We analyze 250,000 responses from US citizens that explicitly replied to 188

this question: "How often do you wear a mask in public when you expect to be within 189

six feet of another person?" They could take five different options in an increasing level 190

of their adherence to mask adoptions, ranging from never (C19-MN) to always (C19-MA). 191

The survey also includes the age and gender of the surveyed people. We implement a 192

mask adoption total score (C19-MC) that combines the response to each of the five potential 193

replies (see Figure 1). 194

195

Mask Usage

0.000 1.000
Mask Adoption Score

Figure 1. Mask adoption for the period from June 2nd to 14th, 2020. Data score is estimated from a
New York Times survey for 250,000 people and extrapolated to the whole United States [39]. Data is
spatially aggregated by counties for the United States mainland. Data scores range from never (0) to
always (1).

Regarding (c), we define two indicators. The first one (see Figure 2) estimates mobility 196

changes with respect to a baseline before the pandemic emergence, in February 2020, when 197

no mobility restrictions orders had been issued (C19-MO). The second indicator refers to 198

the percentage of people staying at home with respect to the same baseline (C19-PT). Both 199

indicators showed high spatial heterogeneity due to the policies adopted by the different 200

states/counties. Data related to these indicators are sourced from Facebook’s Data for 201

Good Initiative [38]. This dataset provides information about human mobility in compari- 202

son to a baseline period that predates most social distancing policies. Based on this, we 203

estimate how people replied to mandatory recommendations related to social distancing 204

and mobility restrictions during the period that ranges from June 2nd to 14th, 2020. 205

206
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Movement

-0.289 0.975
Change in Movement

Figure 2. Mobility changes for the period from June 2nd to 14th, 2020. We measure the relative
mobility restrictions (C19-MO) compared to baseline. Data is spatially aggregated by counties for the
United States mainland. Data scores range from reduced (-0.289) to increased (0.97) mobility. Value 0
stands for the same mobility level.

Regarding (d), we use one single indicator, i.e. COVID-19 vaccine (C19-VC) which has 207

been derived from the vaccine participation dataset for September 1st, 2021 in this study 208

(see Figure 3). Data are sourced from the COVID-19 vaccine participation Tracking website 209

of Georgetown University, which assembles data from the Center for Disease Control and 210

Prevention (CDC) and the official reports provided by the different US States [31]. For data 211

processing, vaccine participation data has been normalized to account for differences in 212

population within each age group. 213

214

The reason we considered September 1st, 2021 vaccine participation data is to take 215

into account the fact that at the early stages of vaccine participation (mid December 2020 216

to March/April 2021) vaccines were not available at all locations and counties, therefore 217

measuring the impact of socioeconomic variables on vaccine participation would clearly 218

be biased. On the other hand, considering vaccine participation data at the later stages 219

(November 2021 to mid 2022) would also bias the results in that in these time-frames 220

vaccines have already been available for people to take for a long time (about 6 months or 221

more) and taking vaccines is not out of choice but rather because of employer mandate, 222

travel requirements, etc. which clearly does not represent the true intention of people in 223

regards to vaccine participation. 224

225
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0.0000 0.9990
C19-VC

Figure 3. Percentage of the population completely vaccinated (C19-VC) for the period from June
2nd to 14th, 2020. Data is spatially aggregated by counties for the United States mainland. Data
scores range from total population remains unvaccinated (0) to fully vaccinated (1). Note that vaccine
participation data for the counties within state of Texas are not available, and is depicted in grey color
in this map.

2.1.2. Educational Level (EL) 226

We differentiate two simple groups according to their educational background (see 227

Figure 4: the percentage of adults with less than a college degree (EL-LC), and those holding 228

a college degree or higher (EL-MC). These data are sourced from the US Census [36]. In 229

addition, we evaluate the amount of federal investment in education at the county level. 230

The data was obtained from the US Government Data Lab [33]. 231

232

Education

0.0000 0.7760
Higher Education (%)

Figure 4. Percentage of the population with college education or above (EL-MC). Data is spatially
aggregated by counties for the United States mainland. Data scores range from the minimum (0) to
the maximum percentage (0.78) of people holding a high educational level.

2.1.3. Health System Capacity (HC) 233

We use three indicators related to the capacity of the health system. These refer to the 234

total number of available beds in hospitals (HC-HB), their occupancy rates (HC-HO), and 235
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the percentage of essential workers in healthcare (HC-PW). This data has been obtained 236

from the COVID Atlas [31]. 237

238

2.1.4. Economic Level (EC) 239

We define three indicators related to poverty and unemployment. Poverty estimates 240

(EC-PO) refers to the percentage of people with income levels lower than 14,097 USD per 241

year [40]. The unemployment rate (EC-UN) refers to the percentage of people that were 242

not employed. Median of Income (EC-IN) is measured by estimating the median of income 243

for each US county. These data are sourced from the US Census Bureau [35]. 244

245

2.1.5. Political Preference (PP) 246

We define the political preference based on the results of the last US presidential 247

elections held in 2020. We use a binary variable to specify which party won the election 248

per US county. Democratic Party Win (PP-DW) is a binary variable indicating whether the 249

democratic party had a higher vote share for a particular US county (see Figure 5). Data are 250

sourced from the MIT Election Lab [34]. 251

252Election Results in 2020 (Map View)

-75.0% 75.0%
Political Preference

Figure 5. Relative difference between the winning party in the 2020 US Presidential Election. Data is
spatially aggregated by counties for the United States mainland. The color legend shows the winning
party and the shade indicates the relative percentage difference.

2.1.6. Population Settings (PS) 253

We evaluate two indicators within population settings: population density (PS-PD) 254

and percentage of rurality (PS-RL) [41]. The first indicator (PS-PD) refers to the average 255

population by area unit. This is expressed by the number of people per square mile. The 256

percentage of rurality (PS-RL) refers to the relative number of people living in rural regions. 257

Data is sourced from the US Census Bureau [35]. 258

259

2.2. Data Parameterization 260

In Table 2, we show the range of values, from a lower to an upper limit for the time 261

frame considered. The values for each indicator are associated with counties. For data 262

analysis, all the indicators, including dependent variables are between 0 and 1. They were 263

either originally between in this interval (e.g. EL-MC and C19-VC) or, they have been 264
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transformed to this same interval using a min-max normalization. The only exception is the 265

Mobility Restrictions’ variable (C19-MO), which has negative values and ranges already 266

between -1 and 1. This is used without any changes. The reason for this normalization is to 267

create a simple coefficient that eliminates bias from variables with too large or too small 268

values. It is important to note that this normalization is only applied for regression analy- 269

ses and not for spatial mapping visualizations or correlation analysis in the supplement 270

material. 271

272

2.3. Data Processing 273

The indicators considered allow to assess people’s responses and the impact of the 274

pandemic, in both directions. We apply multiple regressions to check the weight of the 275

individual indicators. We define a series of explanatory variables for each policy adopted 276

by authorities, i.e. (a) mobility restrictions, (b) mask adoption, and (c) vaccine participation. 277

The analysis is conducted using some libraries for statistical analysis in R (corrplot, ivreg, 278

data.table, tidyverse). Data visualization is carried out in Tableau, and regression analysis 279

tables are produced using stargazer R package [42]. 280

281

To avoid multicollinearity effects, we apply a correlation analysis on the complete list 282

of variables shown in Tables 1 and 2. The results are shown in Table A1 in the appendix. A 283

correlation value of 0.8 or greater was used to identify highly correlated variables, which 284

were subsequently eliminated to avoid multicollinearity. At the end, we obtain a list of 285

the following 12 variables: C19-CC, C19-MC, C19-MO, C19-VC, EL-MC, EL-FI, HC-HO, 286

HC-PW, EC-PO, EC-UN, PP-DW, and PS-PD. Therefore, the resulting dataset contains data 287

for 3,143 counties (rows) and 12 indicators (columns). We conduct our study over this 288

dataset. 289

290

3. Analysis and Results 291

In this section, we carry out a multiple regression analysis to discover significant 292

variables associated with people’s response to each of the three individual interventions, 293

namely: mask adoptions, mobility restrictions, and vaccine participation. To get more 294

meaningful results we then add an instrumental variable to the regression models. The 295

results shown in this section are organized as follows: Multiple Linear Regression (sub- 296

section 3.1), Instrumental Variable Regression (sub-section 3.2), and comparison between 297

both methods (sub-section 3.3). 298

299

3.1. Multiple Linear Regression 300

Multiple linear regression (MLR) is a well-known and broadly applied ordinary least 301

squares (OLS) based statistical technique that use several explanatory variables to predict 302

the outcome of a response variable. The goal of multiple linear regression is to model 303

the linear relationship between the explanatory (independent) variables and a response 304

(dependent) variable. The regression models we implemented are based on the following 305

equations (Eq. 1-3): 306

307

Mobility Restrictions = αMO + βMO × PP-DW + γMO × EL-MC + δMO × CONTROLS + ϵMO (1)

Mask Adoption = αMC + βMC × PP-DW + γMC × EL-MC + δMC × CONTROLS + ϵMC (2)

Vaccine Participation = αVC + βVC × PP-DW + γVC × EL-MC + δVC × CONTROLS + ϵVC (3)
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In these equations, CONTROLS refer to the controlling variables in each regression 308

model. These variables are used to account for hidden effects and confounding variables 309

so the final analysis of results has a low bias level. The following variables are used as 310

CONTROLS: C19-CC, HC-PW, HC-HO, EC-PO, EC-UN, and PS-PD. Since, these are not 311

the target variables of this study, they are included in the models to control for their effects. 312

The parameter α refers to the intercept value in each regression equation, β refers to the 313

coefficient of the PP-DW variable, γ refers to the coefficient of the EC-MC variable, and 314

finally δ refers to the aggregate of controlling variables’ coefficients in each regression. 315

316

The results of all three multiple regressions are displayed in Tables 3-5. There, rows 317

show the different explanatory variables with regard to the dependent variable discussed 318

in that specific table. In order to understand the effect and significance of each independent 319

variable of interest on the outcome, we use the step-wise variable addition approach. We 320

create three different models for each dependent variable and we add controls and variables 321

of interest incrementally to evaluate their contribution to the analyses. In the regression 322

tables, each column refers to a model used for analysis. 323

324

For each regression analysis we included dependent variables, PP-DW, PS-PD, and 325

EC-PO in Model 1. In Model 2 we added EL-MC to the list of predictors. In Model 3, 326

all the independent variables and controls were included. The reason for this step-wise 327

addition of variables is that we implement a forward selection algorithm in model se- 328

lection. We first start with a null model and then add the independent variables to the 329

model one-by-one. We estimate the R2 for each resulting regression. If after addition of a 330

variable, R2 of the regression was not improved, then we eliminate that variable from the 331

regression. For each regression model, only the most significant variables which provide 332

the best R2 were selected, resulting in Models 1, 2, and 3. There are exceptions to this 333

general rule as in Table 3, where the incorporation of EL-MC did not result in a signifi- 334

cant improvement in the R2 of Model 2. However, since EL-MC is the main variable of 335

analysis here considered, we refrained from eliminating it being included in Models 2 and 3. 336

337

For discussion purposes, coefficients in Model 3 of each regression table are considered. 338

The coefficients in Models 1 and 2 are provided just to show the process through which the 339

step-wise addition of variables took place and final models’ variables were selected. 340

341

3.1.1. Mobility Restrictions (C19-MO) 342

As shown in Table 3, PP-DW is statistically significant in all three models after control- 343

ling for several socio-demographic factors and COVID-19 related variables. This means the 344

counties with more democratic leaning political preference show less movement under all 345

three regression models. EL-MC is introduced in Models 2 and 3. While it is not statistically 346

significant in Model 2, after adding control variables in Model 3 it becomes statistically 347

significant which shows that the counties with higher levels of education, would have been 348

expected to observe more movement during the studied time frame with respect to the 349

baseline before the pandemic started. 350

351

3.1.2. Mask Adoption (C19-MC) 352

The results in Table 4, show that political preference (PP-DW) and education level 353

(EL-MC) are statistically significant showing a positive association with mask adoption 354

(C19-MA), indicating that in the counties that voted for the Democratic party in 2020 and/or 355

have higher levels of education, residents wear masks more frequently. 356

357
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Table 3. Multiple regression results for the target variable: mobility restrictions (C19-MO)

Dependent variable:
Mobility Restrictions

(1) (2) (3)

PS-PD -1.722∗∗∗ -1.691∗∗∗ -1.230∗∗∗

(0.178) (0.184) (0.176)

EL-MC -0.018 0.395∗∗∗

(0.027) (0.044)

PP-DW -0.026∗∗∗ -0.024∗∗∗ -0.025∗∗∗

(0.005) (0.006) (0.006)

C19-CC -1.839∗∗∗

(0.141)

HC-PW 0.502∗∗∗

(0.057)

EC-PO -0.236∗∗∗ -0.253∗∗∗ -0.230∗∗∗

(0.039) (0.047) (0.047)

HC-HO -0.044∗∗∗

(0.011)

EC-UN 1.661∗∗∗

(0.397)

Constant 0.041∗∗∗ 0.047∗∗∗ -0.323∗∗∗

(0.006) (0.011) (0.040)

Observations 2,474 2,474 2,125
R2 0.076 0.076 0.213
Adjusted R2 0.074 0.074 0.210
Residual Std. Error 0.093 (df = 2470) 0.093 (df = 2469) 0.086 (df = 2116)
F Statistic 67.240∗∗∗ (df = 3; 2470) 50.531∗∗∗ (df = 4; 2469) 71.514∗∗∗ (df = 8; 2116)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

3.1.3. Vaccine Participation (C19-VC) 358

The results shown in Table 5 indicate that political preference (PP-DW) and education 359

level (EL-MC) are statistically significant showing a positive association with vaccine par- 360

ticipation rate (C19-VC) similar to mask adoption rate (C19-MC). The counties that voted 361

for the Democratic party in the 2020 Presidential election, would have been expected to 362

observe higher vaccine participation rates (C19-VC). This is also true for counties with a 363

higher level of education (EL-MC). 364

365
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Table 4. Multiple regression results for the target variable: mask adoption (C19-MC)

Dependent variable:
Mask Adoption

(1) (2) (3)

PS-PD 1.793∗∗∗ 1.110∗∗∗ 0.835∗∗∗

(0.278) (0.284) (0.280)

EL-MC 0.360∗∗∗ 0.244∗∗∗

(0.039) (0.061)

PP-DW 0.158∗∗∗ 0.120∗∗∗ 0.104∗∗∗

(0.008) (0.009) (0.009)

C19-CC 0.784∗∗∗

(0.223)

HC-PW -0.093
(0.075)

EC-PO -0.199∗∗∗ 0.123∗ -0.011
(0.055) (0.064) (0.070)

HC-HO 0.123∗∗∗

(0.017)

EC-UN 7.343∗∗∗

(0.583)

Constant 0.660∗∗∗ 0.545∗∗∗ 0.470∗∗∗

(0.008) (0.015) (0.051)

Observations 3,072 3,072 2,456
R2 0.165 0.189 0.291
Adjusted R2 0.165 0.187 0.289
Residual Std. Error 0.149 (df = 3068) 0.147 (df = 3067) 0.138 (df = 2447)
F Statistic 202.784∗∗∗ (df = 3; 3068) 178.117∗∗∗ (df = 4; 3067) 125.615∗∗∗ (df = 8; 2447)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

3.2. Instrumental Variable Analysis 366

Analysis based on Instrumental Variables (IV) is a method for uncovering causality 367

in socioeconomic research. This is a powerful tool for finding out whether there exists a 368

causal relationship between two variables by considering an instrument. In the previous 369

subsection, the outcome variables C19-MC, C19-MO, and C19-VC were analyzed using 370

multiple linear regression. 371

372

In this subsection, we investigate the role of higher education on each of the dependent 373

variables. Specifically, we aim to investigate if there is a causal relationship between the 374

level of education and complying with governmental mandates during the pandemic. With 375

this in mind, we used the Federal Investment in Education (EL-FI) as an instrument in our 376

analysis to form Instrumental Variable regression. We use the three following regression 377

models: 378

379

Mobility Restrictions = αMO + βMO × PP-DW + γMO × EL-MC + δMO × CONTROLS + ϵMO, Z1 = EL-FI (4)

Mask Adoption = αMC + βMC × PP-DW + γMC × EL-MC + δMC × CONTROLS + ϵMC, Z = EL-FI (5)

Vaccine Participation = αVC + βVC × PP-DW + γVC × EL-MC + δVC × CONTROLS + ϵVC, Z = EL-FI (6)

1 Z is instrument for each of the IV regression models.
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Table 5. Multiple regression results for the target variable: vaccine participation (C19-VC)

Dependent variable:
Vaccine Participation

(1) (2) (3)

PS-PD -0.584 -1.501∗∗∗ -0.951∗∗

(0.382) (0.390) (0.384)

EL-MC 0.484∗∗∗ 0.654∗∗∗

(0.053) (0.084)

PP-DW 0.130∗∗∗ 0.079∗∗∗ 0.057∗∗∗

(0.011) (0.012) (0.012)

C19-CC -0.904∗∗∗

(0.306)

HC-PW 0.231∗∗

(0.103)

EC-PO -1.102∗∗∗ -0.669∗∗∗ -0.832∗∗∗

(0.075) (0.088) (0.096)

HC-HO 0.054∗∗

(0.023)

EC-UN 7.338∗∗∗

(0.799)

Constant 0.613∗∗∗ 0.458∗∗∗ 0.198∗∗∗

(0.011) (0.020) (0.071)

Observations 3,072 3,072 2,456
R2 0.097 0.121 0.174
Adjusted R2 0.096 0.120 0.171
Residual Std. Error 0.204 (df = 3068) 0.202 (df = 3067) 0.189 (df = 2447)
F Statistic 109.844∗∗∗ (df = 3; 3068) 105.408∗∗∗ (df = 4; 3067) 64.402∗∗∗ (df = 8; 2447)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The main reason for conducting IV regression analysis is to isolate the causal impact 380

of education level (EL-MC) on each of the three mandates. We conduct a step-wise IV 381

regression for equations 4-6. The results of all three multiple IV regressions are displayed in 382

Tables 6-8. In each IV regression table, Model 1 is the simplest, capturing merely the causal 383

impact of EL-MC without any control variables considering EL-FI as an instrument. Model 384

2 adds the PP-DW variable to the existing IV regression of EL-MC on target mandates to 385

better understand its impact on the causal relationship of interest. Model 3 includes all 386

non-explicit control variables in addition to EL-MC, PP-DW, still considering EL-FI as the 387

instrument. 388

389

3.2.1. Mobility Restrictions (C19-MO) 390

As Table 6 indicates, PP-DW has a negative impact on C19-MO in Model 3, and it is 391

statistically significant. Since Model 3 is the only model wherein we introduced all controls 392

in addition to PP-DW and EL-MC variables in the IV regression, the results can be accepted 393

with more confidence compared to Models 1 and 2. Results are similar to those of OLS 394

regression estimation. More details about this are discussed in Section 3.3. 395

396

EL-MC is introduced in all the models and it is initially statistically significant in 397

Models 1 and 2. Once PP-DW is introduced along with all control variables in Model 3, the 398

estimated value loses its significance, discarding the notion that EL-MC has a causal impact 399

on the outcome variable C19-MO using EL-FI as the instrumental variable. In summary, the 400

results suggest that PP-DW did have an impact, although not very large, on the dependent 401

variable (C19-MO), but EL-MC did not have a causal impact on C19-MO (based on Model 3). 402

403
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Table 6. IV regression results for the target variable: mobility restrictions (C19-MO).

Dependent variable:
Mobility Restrictions

(1) (2) (3)

EL-MC -0.708∗∗∗ -0.834∗∗∗ 0.535
(0.087) (0.180) (0.348)

PP-DW 0.028 -0.039∗∗∗

(0.021) (0.013)

PS-PD -1.050∗∗∗

(0.180)

C19-CC -1.498∗∗∗

(0.138)

HC-PW 0.699∗

(0.399)

EC-PO 0.054
(0.088)

HC-HO -0.043∗∗∗

(0.015)

EC-UN 0.334
(0.536)

Constant 0.169∗∗∗ 0.193∗∗∗ -0.473
(0.024) (0.042) (0.302)

Weak instruments 0 0 0
Wu-Hausman 0 0 0.3
Observations 1,140 1,129 1,054
Residual Std. Error 0.100 (df = 1138) 0.106 (df = 1126) 0.075 (df = 1045)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

3.2.2. Mask Adoption (C19-MC) 404

Table 7 shows the IV regression’s results for the variable C19-MC. The results show 405

that PP-DW has a positive impact on C19-MC in Model 3, being statistically significant. 406

Since PP-DW is introduced in Models 2 and 3, and all the control variables are present in 407

Model 3, we can accept such statistically significant and positive results for its coefficient 408

in Model 3. According to this, the counties that voted for democrats are expected to have 409

higher rates of mask adoption during the time period here considered. These results are 410

similar to those of OLS regression. More details about this are discussed in Section 3.3. 411

412

EL-MC is introduced in all the models. It is initially statistically significant in Models 413

1 and 2, but after the introduction of PP-DW and all control variables in Model 3, the 414

estimated value loses its significance, discarding the notion that EL-MC has a significant 415

causal impact on the mask adoption of individuals. 416

417
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Table 7. IV regression results for the target variable: mask adoption (C19-MC).

Dependent variable:
Mask Adoption

(1) (2) (3)

EL-MC 1.101∗∗∗ 0.720∗∗∗ 0.333
(0.129) (0.225) (0.561)

PP-DW 0.089∗∗∗ 0.102∗∗∗

(0.026) (0.021)

PS-PD 0.489
(0.301)

C19-CC 0.418∗

(0.227)

HC-PW -0.087
(0.637)

EC-PO -0.335∗∗

(0.149)

HC-HO 0.088∗∗∗

(0.024)

EC-UN 7.859∗∗∗

(0.855)

Constant 0.426∗∗∗ 0.500∗∗∗ 0.504
(0.035) (0.052) (0.483)

Weak instruments 0 0 0
Wu-Hausman 0 0.12 0.5
Observations 1,167 1,160 1,078
Residual Std. Error 0.148 (df = 1165) 0.135 (df = 1157) 0.125 (df = 1069)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

3.2.3. Vaccine Participation (C19-VC) 418

Table 8 shows the IV regression’s results for the vaccine participation as the target 419

variable (C19-VC). In Models 2 and 3, we can observe how PP-DW has no impact on 420

C19-VC. This contradicts those of OLS regression. More details about this are dicussed in 421

Section 3.3 422

423

EL-MC is introduced in all the models, being statistically significant (although not at 424

the same level) in Models 1 and 3. After PP-DW is introduced in Model 2, the estimated 425

value for the EL-MC coefficient loses its significance. However, after introduction of all 426

control variables along with PP-DW and EL-MC in Model 3, a positive and statistically 427

significant coefficient for EL-MC is estimated. This indicates that EL-MC has a causal 428

impact on vaccine participation. 429

430

3.3. Comparison Between OLS and IV Regression Results 431

We now conduct a comparison study of the results obtained from both OLS and IV 432

methods for the three target variables. The results are shown in Table 9 only for Model 3 433

since this includes the most complete set of control and independent variables. 434

435

The Wu-Hausman’s test [43,44] evaluates the consistency of an estimator when com- 436

pared to an alternative - less efficient estimator- which is already known to be consistent. It 437

helps one evaluate if a statistical model corresponds to the data. In case of rejection, as is 438

the case in all IV regressions in this study, the results obtained in the OLS regressions with 439

the same dependent and independent variables are more reliable and should be accepted. 440

441
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Table 8. IV regression results for the target variable: vaccine participation (C19-VC).

Dependent variable:
Vaccine Participation

(1) (2) (3)

EL-MC 0.706∗∗∗ 0.531 1.774∗∗

(0.170) (0.324) (0.863)

PP-DW 0.042 0.024
(0.038) (0.032)

PS-PD -0.821∗

(0.462)

C19-CC -0.970∗∗∗

(0.349)

HC-PW 1.541
(0.979)

EC-PO -0.518∗∗

(0.230)

HC-HO 0.043
(0.037)

EC-UN 9.018∗∗∗

(1.314)

Constant 0.353∗∗∗ 0.386∗∗∗ -0.802
(0.046) (0.075) (0.742)

Weak instruments 0 0 0
Wu-Hausman 0.6 0.98 0.09
Observations 1,171 1,160 1,078
Residual Std. Error 0.195 (df = 1169) 0.195 (df = 1157) 0.192 (df = 1069)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

In the following, more explanations regarding comparisons between OLS and IV 442

regression for each target variable are provided. 443

444

3.3.1. Mobility Restrictions (C19-MO) 445

Table 9 shows that the PP-DW’s coefficients in both OLS and IV regressions are sta- 446

tistically significant. The slightly negative values confirms an inverse - but minimal in 447

magnitude - association between PP-DW and C19-MO. Since the Wu-Hausman’s test is 448

rejected for the IV regression, the OLS results will be accepted. 449

450

The EL-MC’s coefficient is statistically significant in the OLS regression in contrast to 451

the one obtained in the IV regression for Model 3. However, since the Wu-Hausman’s test 452

is rejected, it can be inferred that the OLS results can be accepted. Although there seems 453

to be no causal relationship between EL-MC and C19-MO, we can argue there is a strong 454

association between these both variables. 455

456

3.3.2. Mask Adoption (C19-MC) 457

According to Table 9, the PP-DW’s coefficients in both OLS and IV regression are 458

statistically significant and very close to each other in terms of magnitude. However, since 459

the Wu-Hausman’s test is rejected, the OLS result will be accepted and considered as final 460

when determining the association between C19-MC and PP-DW. 461

462

The EL-MC’s coefficient is not statistically significant in the IV regression but it is in the 463

OLS regression methods after the control variables are introduced. Since Wu-Hausman’s 464

test in IV regression is rejected, OLS result will be accepted which means that although 465
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EL-MC does not have a causal impact on C19-MC, there is a strong correlation between 466

both variables. 467

468

3.3.3. Vaccine Participation (C19-VC) 469

Based on the results shown in Table 9, the PP-DW’s coefficient is statistically significant 470

in the OLS regression, in contrast to the IV regression. However, the association between 471

PP-DW and C19-VC in the OLS regression is relative small in terms of magnitude. On the 472

other hand, the EL-MC’s coefficient in both OLS and IV regression against C19-VC shows a 473

strong relationship between both variables and some causality effect. 474

475

Table 9. Comparison between OLS and IV regressions for all target variables

Dependent variable:
Mobility Restrictions Mask Adoption Vaccine Participation

OLS instrumental OLS instrumental OLS instrumental
variable variable variable

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

PS-PD −1.230∗∗∗ −1.050∗∗∗ 0.835∗∗∗ 0.489 −0.951∗∗ −0.821∗

(0.176) (0.180) (0.280) (0.301) (0.384) (0.462)

EL-MC 0.395∗∗∗ 0.535 0.244∗∗∗ 0.333 0.654∗∗∗ 1.774∗∗

(0.044) (0.348) (0.061) (0.561) (0.084) (0.863)

PP-DW −0.025∗∗∗ −0.039∗∗∗ 0.104∗∗∗ 0.102∗∗∗ 0.057∗∗∗ 0.024
(0.006) (0.013) (0.009) (0.021) (0.012) (0.032)

C19-CC −1.839∗∗∗ −1.498∗∗∗ 0.784∗∗∗ 0.418∗ −0.904∗∗∗ −0.970∗∗∗

(0.141) (0.138) (0.223) (0.227) (0.306) (0.349)

HC-PW 0.502∗∗∗ 0.699∗ −0.093 −0.087 0.231∗∗ 1.541
(0.057) (0.399) (0.075) (0.637) (0.103) (0.979)

EC-PO −0.230∗∗∗ 0.054 −0.011 −0.335∗∗ −0.832∗∗∗ −0.518∗∗

(0.047) (0.088) (0.070) (0.149) (0.096) (0.230)

HC-HO −0.044∗∗∗ −0.043∗∗∗ 0.123∗∗∗ 0.088∗∗∗ 0.054∗∗ 0.043
(0.011) (0.015) (0.017) (0.024) (0.023) (0.037)

EC-UN 1.661∗∗∗ 0.334 7.343∗∗∗ 7.859∗∗∗ 7.338∗∗∗ 9.018∗∗∗

(0.397) (0.536) (0.583) (0.855) (0.799) (1.314)

Constant −0.323∗∗∗ −0.473 0.470∗∗∗ 0.504 0.198∗∗∗ −0.802
(0.040) (0.302) (0.051) (0.483) (0.071) (0.742)

Weak instruments 0 0 0
Wu-Hausman 0.3 0.5 0.09

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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4. Discussion 476

To better understand COVID-19, we must analyze its incidence and impact using 477

analytical approaches. Noticeably, the large variability in the virus impact across regions 478

requires the consideration of a vast number of variables related to the physical mechanisms 479

behind the virus spread and the complex behavior of human societies. 480

481

In this study, we attempt to deal with this social complexity by conducting a multi- 482

variate research of the uneven spatial impact of COVID-19 across the United States. For 483

that, we analyze the correlation between the COVID-19 incidence and a diverse group of 484

variables related to the healthcare system in addition to other socio-economical variables 485

such as people’s educational level and political preferences. These variables are jointly ana- 486

lyzed with people’s responses to the three major interventions adopted by the U.S. health 487

authorities for containing the pandemic, i.e. (a) mobility restrictions, (b) mask adoption, 488

and (c) vaccine participation. 489

490

According to our results (summarized in Table 9), socio-economical factors are crucial 491

for understanding spatial differences in the COVID-19 incidence. Factors related to people’s 492

political preferences (PP-DW) were one of the most influential variables for understanding 493

the responses to mask adoption (C19-MC) and mobility restrictions (C19-MO), whereas 494

educational level (EL-MC) was more important for understanding the uneven engagement 495

in the vaccine participation (C19-VC). Other variables such as the relative severity of the 496

COVID-19 impact, which can be estimated using proxies such as the level of hospital 497

occupancy by COVID-19 patients (HC-HO) in relation to the percentage of essential work- 498

ers in hospitals (HC-PW) were also significant, but much smaller in magnitude than EL-MC. 499

500

Political preferences (PP-DW) demonstrate significant differences in people’s responses 501

to COVID-19 mandates across the US counties. Republican counties tend to register higher 502

mobility and lower intention for mask adoption. However, unlike what has been reported 503

before [45], political preference alone did not explain variations in vaccine participation 504

rates in our models. This might be explained by the fact we accounted for a wider range of 505

control variables and emphasized education levels using federal investment on education 506

(EL-FI) as instrument in our analysis. Results demonstrate that although political prefer- 507

ences changed the perception of the pandemic, they only did so to a limited extent. 508

509

Some population settings such as population density (PS-PD) were also relevant. Table 510

9 shows how population density and mask adoption are significantly associated (0.835). 511

Obviously, the particular COVID-19 transmission mechanism could have lead to a height- 512

ened perception of the disease in urban regions, at least during the first months when the 513

vast majority of the infections were located in urban areas. 514

515

People’s educational level was decisive for understanding the spatial variation in the 516

engagement on the vaccine participation. We found a strong relationship (0.654) between 517

those counties with a larger predominance of highly educated people (EL-MC) and the rate 518

of vaccinated people (C19-VC) according to the OLS regressions shown in Table 9. This 519

was further confirmed by an IV analysis where an increase of one unit in educational level 520

caused an increase of 1.774 units in vaccine participation. 521

522

In this multi-factorial analysis, we consider the most significant correlations between 523

variables. For instance, according to results presented in correlation table A1 , the Republi- 524

can counties present higher rurality rates and, therefore, lower population densities. Also 525

in these counties, the reported average household incomes and education levels are lower. 526

These counties tend to present lower COVID-19 vaccine participation rates [46,47] and 527

higher rates of COVID-9 incidence, at least during the time period here considered. On the 528

other hand, we find that the Democratic counties experienced on average less harm from 529
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COVID-19 which is confirmed by other research as well [41]. 530

531

This study has certain limitations. The most important ones refer to the number of 532

indicators here considered and the limited data availability. We attempt to reduce the 533

complexity of social behavior of human societies to a very reduced number of indicators. 534

Obviously, this could lead to an oversimplification and some inconsistencies in our re- 535

sults. In addition, data are collected by using different methodologies. Some of them 536

were constrained to a very limited time window, without considering the whole pandemic. 537

COVID-19 incidence and people’s responses to the official mandates shown here must be 538

contextualized within the particular time period represented by the data. Finally, people’s 539

responses were estimated at a spatially aggregated level corresponding to US counties. The 540

results obtained at this spatial scale may differ considerably from those obtained at any 541

other spatial scales or aggregation levels [37]. 542

543

In summary, our results are of high relevance for better understanding social behav- 544

iors and to implement more efficient policies in emergency situations as the COVID-19 545

pandemic. This research can be extended to other health emergencies by adding more 546

variables for achieving a better response in the upcoming future. 547

548

Disclaimer: 549

550

1. The period for when C19-MC and C19-MO were collected ranges from June 2nd to 551

14th, 2020. Ideally, comparison in mobility patterns could have been made with a 552

similar period a year before (to discard seasonal variations). However, data for June 553

2019 was not available to the authors. 554

2. Results in this paper were briefly presented at the poster session in the International 555

Conference on Computational Social Science (IC2S2) 2022. The complete citation is 556

M. Maleki, M. Bahrami, M. Menendez and J. Balsa-Barreiro (2022). Investigating the 557

causal impact of education levels on compliance with mandates. 8th International 558

Conference on Computational Social Science (IC2S2), Chicago IL, USA, July 19-22. 559
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OLS Ordinary Least Squares
PP Political Preference
PS Population Settings
USA United States of America
USDA United States Department of Agriculture
WHO World Health Organization
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Appendix A 581

Before a detailed analysis of the data, the correlation between variables from each 582

dataset with other variables were analyzed in order to avoid a potential multicollinearity 583

effect. Correlation matrix for this selected subset of variables is displayed in Figure A1. 584

Additionally, pairwise correlations between different dependent and independent variables 585

are displayed in Figures A2- A4. 586

587

COVID-19
Related

Education 
Levels

Healthcare
Capacity

Economic
Level

Political
Preference
Population
Settings

Figure A1. Correlation matrix of variables illustrated in Tables 1 and 2.
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Figure A2. Correlation matrix of variables illustrated in Tables 1 and 2.
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Figure A3. Pairwise correlation plot for dependent variables outlines in Tables 1 and 2.
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Figure A4. Pairwise correlation plot for a subset of independent variables outlines in Tables 1 and 2.
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