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ABSTRACT 1 

Background: As COVID-19 began to spread worldwide, local socioeconomic and health 2 

factors and nonpharmaceutical interventions may have affected epidemiological outcomes. 3 

To investigate the associations between public health orders, behavior, and population 4 

factors, and early epidemic dynamics, we investigated variation among counties in the U.S. 5 

state of Georgia. There, a large early outbreak occurred in March 2020 with varying levels of 6 

local nonpharmaceutical interventions prior to statewide orders, in addition to considerable 7 

socioeconomic disparities.  8 

Methods: We conducted regressions to identify predictors of (1) local public health orders, 9 

(2) mobility as a proxy for behavioral responses to public health orders, and (3) 10 

epidemiological outcomes (i.e., cases and deaths). We used an event study to determine 11 

whether social distancing and shelter-in-place orders caused a behavioral change by using 12 

mobility as a proxy for social contacts. 13 

Results: Counties at greater risk for early outbreaks (i.e., larger populations and earlier first 14 

reported cases) with a greater share of Democratic voters were more likely to introduce local 15 

public health orders. Social distancing orders gradually reduced mobility by 19% ten days 16 

after their introduction, and lower mobility was associated with fewer cases and deaths. Air 17 

pollution and population size were significant predictors of cases and deaths, while larger 18 

elderly or Black population were predictors of lower mobility and greater cases, suggesting 19 

self-protective behavior in vulnerable populations.  20 

Conclusions: Early epidemiological outcomes reflected both responses to policy orders and 21 

existing health and socioeconomic disparities related to ability to socially distance and 22 

vulnerability to disease. Teasing apart the impact of behavior changes and population factors 23 

is difficult because the epidemic is embedded in a complex social system with multiple 24 

potential feedbacks: socioeconomic factors could affect both the implementation of policy 25 



 

orders and epidemic dynamics directly; policy orders may both respond to existing epidemic 26 

conditions and alter future epidemic trajectories. 27 

Keywords: COVID-19, policy, mobility, socioeconomic, shelter-in-place, social distancing  28 

 29 

INTRODUCTION 30 

In the early stages of an emerging epidemic without existing population immunity or 31 

effective vaccines or therapeutics, nonpharmaceutical interventions like non-essential 32 

business closures and bans on social gatherings are some of the only effective measures to 33 

control disease transmission (World Health Organization 2019; Centers for Disease Control 34 

and Prevention 2020). These interventions have been successfully implemented historically 35 

and were introduced in many locations at the beginning of the COVID-19 pandemic 36 

(Hatchett et al. 2007; Pan et al. 2020). Slowing transmission in the early stages of the 37 

COVID-19 pandemic has been critical for minimizing deaths and for keeping new 38 

hospitalizations below health systems capacity, allowing public health departments to build 39 

testing capacity for targeted intervention strategies (i.e., contact tracing), and giving 40 

researchers time to develop more effective treatments and vaccines (Tuite et al. 2020; Davies 41 

et al. 2020). However, the ability to socially distance is often limited for people with low 42 

incomes, including many people of color, due to housing and occupational disparities (e.g., 43 

being more likely to live in multigenerational households and to be designated essential 44 

workers who have to work in person without adequate protections) exacerbating the 45 

disproportionate impact of this virus on marginalized groups (Yancy 2020; Cubrich 2020; 46 

Schulz et al. 2020; Porter et al. 2021; Baltrus et al. 2021; Benfer et al. 2021; Centers for 47 

Disease Control and Prevention 2021). These populations also tend to have higher rates of 48 

relevant comorbidities as a result of health inequities and systemic racism (e.g., heightened 49 



 

exposure to air pollution that may worsen outcomes for COVID-19 patients) (Gray et al. 50 

2020; Williams and Cooper 2020; Maroko et al. 2020; Wu et al. 2020). 51 

The first confirmed case of COVID-19 in the United States was reported in late 52 

January, 2020 (Johns Hopkins University Center for Systems Science and Engineering 2020). 53 

In the following months, the virus began to spread nationally, often with delayed detection 54 

and substantial underdiagnosis, particularly in marginalized communities with less access to 55 

testing sites and other medical resources (Perkins et al. 2020; Krantz and Rao 2020; Rader et 56 

al. 2020; Baltrus et al. 2021; Childs et al. 2021). State level responses varied tremendously, 57 

due in part to spatial heterogeneity in virus spread early in the epidemic, as well as 58 

differences in perspectives on the virus that increasingly fell along partisan lines (Christensen 59 

et al. 2020; Grossman et al. 2020; Allcott et al. 2020; Adolph et al. 2021). For example, on 60 

March 19th, 2020, California Governor Newsom introduced the country’s first statewide 61 

shelter-in-place order (Courtemanche et al. 2020). Most other states followed, and by April 62 

7th, 2020 all but eight states enacted shelter-in-place orders (Arkansas, Iowa, Nebraska, North 63 

Dakota, South Dakota, Oklahoma, Utah, and Wyoming; states that had notably explosive 64 

outbreaks months later, in the fall of 2020) (Courtemanche et al. 2020). In some cases, when 65 

states delayed nonpharmaceutical interventions despite local transmission, county and 66 

municipal governments introduced stricter public health orders than those established at the 67 

state level.  68 

Georgia presents a case study to understand the local effects of policy at the beginning 69 

of the pandemic due to the combination of a relatively early hotspot, delayed statewide 70 

action, and a patchwork of earlier local orders (Lau et al. 2020; Muniz-Rodriguez et al. 71 

2021). In a national analysis, multiple Georgia counties were identified as particularly 72 

vulnerable to COVID-19 due to intersecting socioeconomic and health risk factors (Chin et 73 

al. 2020). The first COVID-19 case in Georgia was reported on March 3rd, 2020 and by 74 



 

March 27th Albany, Georgia had the third highest per capita death rate of any metro area in 75 

the world, following a February superspreading event that was not detected until several 76 

weeks later (Cohn et al. 2020; Johns Hopkins University Center for Systems Science and 77 

Engineering 2020). On March 20th, Athens-Clarke County became the first local government 78 

in Georgia to issue a shelter-in-place order, while Governor Kemp banned gatherings of more 79 

than ten people on March 24th and issued a statewide shelter-in-place on April 3rd (Girtz 80 

2020; Kemp 2020a, b). Twenty-three of 159 counties introduced measures to promote social 81 

distancing prior to the Governor’s large gathering ban, while twenty counties had shelter-in-82 

place orders prior to the Governor’s statewide order (Fig. 1) (Kemp 2020a; Evans et al. 83 

2020). Local interventions tended to be clustered in metro-Atlanta counties, but there was 84 

some geographic heterogeneity in county-level measures (Fig. 1).  85 

Understanding the efficacy of county-level ordinances and identifying predictors of 86 

worse early outbreaks and reduced ability to follow nonpharmaceutical interventions could 87 

guide future efforts to prevent large outbreaks of emerging infectious diseases and inform 88 

ongoing COVID-19 response strategies and resource allocation (Dyke 2020; van Holm et al. 89 

2020; Jay et al. 2020; Porter et al. 2021). For example, counties with low median household 90 

income and educational attainment and high unemployment and poverty rates are predicted to 91 

have larger working class populations who were assigned essential worker status, while high 92 

housing density and air pollution may also indicate more urbanized areas with more rapid 93 

early spread (van Holm et al. 2020; Cubrich 2020; Jay et al. 2020; Benfer et al. 2021). These 94 

analyses are complicated by the presence of several interrelated covariates that may have 95 

bidirectional relationships (e.g., nonpharmaceutical interventions may reduce transmission, 96 

but counties may enact these policies because they already have high transmission rates) 97 

(Dyke 2020; Adolph et al. 2021).  98 



 

 99 

Figure 1: Variation among Georgia counties in date of first case detection, social 

distancing orders, race, mobility, population size, and COVID-19 deaths. Counties are 

shaded according to their values for the given covariate used in regressions: (A) the date the first 

case was reported, (B) whether a local social distancing order was passed prior to the statewide 

order, (C) the proportion of the county that is Black, (D) mobility normalized to a pre-pandemic 

baseline (m50_index), averaged across the final week of the statewide shelter-in-place order, (E) 

natural log of population size, (F) natural log of cumulative COVID-19 deaths reported in the 

six weeks following a county’s first case report, and (G) whether per capita COVID-19 deaths 

exceeded one per thousand (yellow) or two per thousand (pink); these counties were excluded 

from regressions in sensitivity analyses. (H) is a histogram that shows the distribution of 

COVID-19 deaths per capita across Georgia counties, shaded according to the thresholds for per 

capita deaths (as in G). 

 



 

In this study, we examined the interplay between health and socioeconomic factors, 100 

public health orders, mobility as a proxy for behavior, and early COVID-19 epidemic 101 

outcomes, some of which may be bidirectional or cyclical, in Georgia at the county level 102 

(Fig. 2). Specifically, we asked: (1) Which county-level demographic and epidemiological 103 

characteristics predict the introduction of local public health orders? (2) Did public health 104 

orders decrease mobility? (3) Which socioeconomic factors predict lower mobility during the 105 

shelter-in-place period, a proxy for behavior? (4) Which socioeconomic, health, and 106 

behavioral factors best predict COVID-19 cases and deaths during the early epidemic period 107 

(i.e., the first month of detected cases)? To answer questions one, three, and four, we 108 

conducted regressions and used model selection to identify the top predictors of each 109 

response variable. To answer the second question, we conducted an event study to quantify 110 

the causal impact of public health orders on mobility.  111 

 112 

Figure 2: Drivers of COVID-19 epidemiological outcomes—behavior, policy, health, 113 

and socioeconomic covariates—are interconnected. Colored arrows correspond with the 114 

four-part analyses described here: (1) blue: health and socioeconomic predictors of county-115 

level social distancing or shelter-in-place orders preceding the statewide order (logistic 116 

regression), (2) green: effect of social distancing and shelter-in-place policies on mobility as a 117 

proxy for behavior (event study), (3) orange: health and socioeconomic predictors of mobility 118 

in the final week of April as a proxy for behavior (Gaussian linear regression), (4) red: 119 

socioeconomic, health, and mobility predictors of early COVID-19 cases and deaths 120 

(negative binomial regression). The color scheme assigned to arrows 1-4 is maintained in the 121 

plots pertaining to each of the four components of this study (Figs. 3-6).  122 

 123 



 

METHODS 124 

Epidemiological Data 125 

We used publicly available and de-identified data for this study, which was therefore 126 

exempt from Institutional Review Board review. We used daily county-level COVID-19 127 

cumulative cases and deaths reported by the Georgia Department of Public Health and 128 

aggregated in the COVID-19 Data Repository (Johns Hopkins University Center for Systems 129 

Science and Engineering 2020; Dong et al. 2020). We included cases and deaths reported 130 

within four and six weeks, respectively, of each county’s first reported case because we were 131 

interested in studying early epidemic outcomes. The additional two weeks for deaths 132 

accounts for the lag between case detection and mortality (Gaythorpe et al. 2020). We also 133 

computed cumulative deaths per capita as of May 21st, reflecting transmission prior to the end 134 

of the statewide shelter-in-place order.  135 

Legislative Data 136 

We used daily public health orders implemented at the county level based on State 137 

Executive Orders, Departments of Education, and other news sources and aggregated in the 138 

Center for the Ecology of Infectious Disease at the University of Georgia’s COVID-19-139 

DATA repository (Evans et al. 2020). We defined public health orders that encourage social 140 

distancing in the general population as bans on gatherings at non-essential businesses, 141 

restrictions on gathering sizes, closures of public use areas, and ordinances that otherwise 142 

encouraged social distancing. School closures were not included under this definition of 143 

social distancing orders as only nine counties implemented local school closures, all within 144 

one week of the March 16th statewide school closures, precluding meaningful comparisons. 145 

For each county, we defined the beginning of social distancing and shelter-in-place based on 146 

the date of the statewide orders if they were enacted prior to any county-level legislation. 147 

Socioeconomic Data 148 



 

Population size and the proportion of the county that is Black or African American, 149 

Hispanic or Latinx, Asian, and American Indian and Alaska Native were based on the U.S. 150 

Census Bureau’s county-level estimates for 2018 (U.S. Census Bureau, Population Division 151 

2020a). The White proportion of the population was excluded from the analysis, as it was 152 

highly negatively correlated with the Black proportion of the population (File S1). Population 153 

size was log-transformed for all regressions. We also incorporated educational attainment 154 

(i.e., proportion of the population with a high school diploma), unemployment, percentage of 155 

people below the poverty line, median household income, and housing units per square mile 156 

compiled previously from U.S. Census Bureau reports as indicators of socioeconomic status 157 

and urbanization (Chin et al. 2020). We calculated county-wide predicted age-weighted 158 

infection fatality rate based on age-specific infection fatality rates and the U.S. Census 159 

Bureau’s 2018 estimates of the proportion of each county in corresponding age bins (Verity 160 

et al. 2020; U.S. Census Bureau, Population Division 2020b). We computed the proportion of 161 

each county’s population that works in another county based on the 2011-2015 American 162 

Community Survey Commuting Flows (U.S. Census Bureau 2015). 163 

Partisanship Data 164 

The partisanship of each county was defined as the difference in percentage points 165 

between the vote shares of the Republican and Democratic candidates for Governor of 166 

Georgia in 2018 (i.e., vote margin), with more positive values indicating counties with more 167 

Republican voters (Crittenden 2018). 168 

Comorbidity and Health Data 169 

Data on pollution (Particulate Matter PM2.5) and relevant health comorbidities 170 

(obesity, coronary heart disease, and diabetes) were compiled previously from the Centers for 171 

Disease Control and Prevention, and the Environmental Protection Agency (Chin et al. 2020). 172 



 

We collected additional data on asthma from the Georgia Department of Public Health 173 

(Cheng et al. 2012). 174 

Mobility Data 175 

To measure temporal and spatial variation in mobility, our metric of behavioral 176 

changes related to the pandemic, we used daily county-level statistics based on mobile phone 177 

data from Descartes Lab (Warren and Skillman 2020). The maximum distance traveled from 178 

the initial point on each day was recorded for every device and the daily median across 179 

devices (m50) in a county was calculated. Normalized daily mobility (m50_index) was 180 

defined as the proportional change in mobility from the baseline prior to widespread mobility 181 

changes in the US (Warren and Skillman 2020). For regressions, we defined mobility as the 182 

mean m50_index in the final week of April, corresponding to the end of the shelter in place 183 

period. Ten counties were excluded from the analyses because they had no available mobility 184 

data (Baker, Calhoun, Clay, Glascock, Hancock, Quitman, Stewart, Taliaferro, Warren, 185 

Webster, and Wheeler) (Fig. 1). 186 

Part 1: Predictors of local public health orders 187 

We conducted logistic regression to identify predictors of a county’s having a local 188 

social distancing or shelter-in-place order prior to the statewide orders. Covariates were 189 

normalized by subtracting the mean and dividing by standard deviation to allow direct 190 

comparisons of effect sizes. Forward and backward model selection were conducted to 191 

minimize Akaike’s Information Criterion (AIC), balancing goodness-of-fit against 192 

overfitting. 193 

We tested whether the inclusion of counties with extreme values for COVID-19 194 

deaths per capita skewed our results by performing sensitivity analyses excluding the three 195 

counties involved in an early superspreading event, where per capita death rates exceeded 196 

two per thousand (Randolph, Terrell, and Early) or the ten counties where per capita death 197 



 

rates exceeded one per thousand (Randolph, Terrell, Early, Hancock, Turner, Dougherty, 198 

Wilcox, Mitchell, Sumter, and Upson) (Fig. 1). We computed Nagelkerke’s pseudo-R2 for all 199 

models (Magee 1990; Dabao 2020). All analyses were conducted in R statistical software 200 

version 4.0.0. 201 

Part 2: Effect of public health orders on mobility 202 

We used an event study framework to understand the effect of public health orders 203 

(social distancing or shelter-in-place) on mobility at the county level. This approach seeks to 204 

identify changes in time series data following a pre-specified event. For event study analyses, 205 

we included the ten days prior to and following the legislation’s introduction in each county, 206 

spanning the time difference between the statewide social distancing and shelter-in-place 207 

orders to isolate the effects of the two orders. The covariate NPI_day was defined as follows: 208 

𝑁𝑃𝐼𝑑𝑎𝑦(𝑡,𝑡0) = {
0, 𝑡 < 𝑡0

𝑡 − 𝑡0 + 1, 𝑡 ≥ 𝑡0
 (1) 209 

where t is the time in days and 𝑡0 is the date that a particular order was introduced. 210 

We used a fixed effect model to adjust for variation due to county and date and to 211 

quantify both the binary effects of nonpharmaceutical interventions and the effect of days 212 

since a nonpharmaceutical interventions was introduced. The model formulation was: 213 

𝑚𝑜𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 = 𝛼 + 𝛽𝑖𝑐𝑜𝑢𝑛𝑡𝑦 + 𝛽𝑡𝑑𝑎𝑡𝑒 + 𝛽𝑝𝑁𝑃𝐼𝑑𝑎𝑦 + 𝜖𝑖,𝑡 (2) 214 

where α is an intercept, β’s are coefficients for corresponding covariates, and 𝜖 is an error 215 

term for each county i and date t. In addition to the ten counties excluded from regression due 216 

to no mobility data, five more counties were excluded from the both event studies due to 217 

incomplete mobility data for the study period (Chattahoochee, Marion, Randolph, Schley, 218 

and Twiggs) and Montgomery county was excluded only from the event study for shelter-in-219 

place orders. 220 

Part 3: Predictors of mobility 221 



 

We examined the relationship between socioeconomic variables and average mobility 222 

(m50_index) in the last week of April using a Gaussian linear regression to identify 223 

predictors of mobility, a proxy for nonpharmaceutical intervention compliance. Model 224 

selection was conducted as described in part one. 225 

Part 4: Predictors of early epidemiological outcomes 226 

We identified the primary socioeconomic, health, and behavioral predictors of early 227 

epidemic outcomes by fitting negative binomial regressions to reported COVID-19 cases and 228 

deaths within four and six weeks of each county’s first reported case, respectively. Both 229 

responses were count variables that were overdispersed relative to the expected variance in a 230 

Poisson distribution. We performed model selection and computed Nagelkerke’s pseudo-R2 231 

as described in part one (Magee 1990; Dabao 2020). 232 

RESULTS 233 

Part 1: Predictors of local public health orders 234 

In the models that included all counties, the natural logarithm of the odds ratio (log-235 

odds) of introducing a local social distancing order increased by 0.1 with every 4.43 236 

percentage point increase in Democratic vote margin (95% CI: 2.62-12.50) or increase in 237 

population size by a factor of 1.24 (95% CI: 1.12-2.89)  (Table S1, Fig. 3). In the models that 238 

included all counties, the log-odds of introducing a local shelter-in-place order increased by 239 

0.1 with every 0.46 day earlier advance in the date of the county’s first reported case (95% 240 

CI: 0.27-1.12) or increase in population size by a factor of 1.10 (95% CI: 1.05-1.56).  Most of 241 

the counties that introduced local public health orders contain large municipalities (e.g., 242 

Atlanta, Athens, and Macon). All findings were robust to the inclusion or exclusion of 243 

counties with high per capita deaths (greater than one or two deaths per 1000 people). 244 

Socioeconomic and demographic variables captured less variation in the passage of local 245 

social distancing orders (pseudo-R2: 0.25-0.31) compared to local shelter-in-place orders 246 



 

(pseudo-R2: 0.51-0.54), where ranges depended on the subset of outlier counties that were 247 

included (Table S1). 248 

 249 

 250 

 251 
Figure 3: Counties with larger populations were more likely to enact local social 252 

distancing and shelter-in-place orders. Partial residual plots with lines giving the estimated 253 

relationship between predictors and logit-transformed odds ratio (log-odds) of a local 254 

nonpharmaceutical intervention order, with the 95% confidence interval indicated as a shaded 255 

band. The points indicate the marginal relationship at the county level between predictors and 256 

marginal log-odds of a local public health order, after adjusting for all other predictors 257 

selected in the best fit model. The top row shows the two most significant predictors of a 258 

local social distancing order: logged population size (Population) and percent point difference 259 

of Republican and Democratic vote share in 2018 gubernatorial election, with more negative 260 

values indicating a higher proportion of Democratic voters (Partisanship). The bottom row 261 



 

shows the two most significant predictors of a local shelter-in-place order: logged population 262 

size (Population) and date first case in county was reported (First Case). Open circles indicate 263 

counties with less than one death per thousand people, while light and dark shaded circles 264 

indicate counties with outlying values for per capita deaths (thresholds of one or two deaths 265 

per thousand people, respectively).  266 

 267 

Part 2: Effect of public health orders on mobility 268 

Mobility decreased by 19 percentage points (P<0.001) in the ten days following the 269 

introduction of a social distancing order (Table S2). We observed 21 instances (county-days) 270 

where mobility exceeded the county- and date-adjusted mean for the event study period by 271 

over 35 percentage points—which we designated as mobility extremes—and all occurred 272 

prior to the introduction of local social distancing orders (Fig. 4).  273 

 274 

Figure 4: Social distancing orders gradually reduced mobility by up to 19%, while 275 

shelter-in-place orders had only a short-term marginal effect for days 2-4. The 276 

coefficients of the event studies by days since public health order introduction (βp) for social 277 

distancing policies (A) and shelter-in-place orders (B) are given as squares across the ten 278 

days preceding and following the introduction of the public health order, with the day the 279 



 

order was introduced indicated with a vertical dotted line. The significance of the coefficients 280 

is indicated by the number of white dots within each square (●: P<0.05; ●●: P <0.01, ●●●: P 281 

<0.001). The green circles indicate the marginal effect of the corresponding public health 282 

order on mobility by date in each county, after adjusting for county and date fixed effects. 283 

 284 

All counties had social distancing orders prior to shelter-in-place orders. Overall, although 285 

mobility was significantly reduced two to five days after shelter-in-place orders were passed, 286 

we did not detect a sustained marginal effect of shelter-in-place orders on mobility, after 287 

accounting for the effects of social distancing orders already in place (Table S2, Fig. 4). 288 

County and date fixed effects are reported in Tables S3-S4. 289 

Part 3: Socioeconomic predictors of mobility 290 

Age, income, and the proportion of the population identifying as Black were all 291 

significant negative predictors of mobility, a proxy for behavior (Table S5, Fig. 5). Mobility 292 

declined by 20 percentage points for every 0.0052 increase in age-weighted infection fatality 293 

rate, $5,207 increase in median household income, or 39 percentage point increase in the 294 

Black proportion of the population. There was little variation in effect sizes when counties 295 

with outlying per capita death rates were excluded. Of the ten counties where per capita 296 

deaths exceeded one per thousand, all had median household income below the statewide 297 

mean ($44,000), nine had Black population proportions above the statewide average of 0.30 298 

(and six were majority Black), and seven had age-weighted infection fatality rates above the 299 

statewide average of 0.011 (Fig. 5). The model only captured 11-13% of observed variation 300 

in mobility (Table S5). 301 

 302 

 303 

 304 

 305 

 306 

 307 



 

 308 

Figure 5: Higher age, median household income, and Black proportion of population all 309 

corresponded to lower mobility in the final week of the statewide shelter-in-place order. 310 

Partial residual plots with lines indicating the estimated relationship between predictors and 311 

mean mobility in the final week of the statewide shelter-in-place order, while the 95% 312 

confidence interval is indicated as a shaded band. The points indicate the marginal 313 

relationship at the county level between predictors and mobility, after adjusting for all other 314 

predictors selected in the best fit model. All predictors selected in the best fit model are 315 

displayed: age-weighted infection fatality rates (A. Age), median household income (B. 316 

Income), and percent of the population that is Black (C. Race). Open circles indicate counties 317 

with less than one death per thousand people, while light and dark shaded circles indicate 318 

counties with outlying values for per capita deaths (thresholds of one or two deaths per 319 

thousand people, respectively).  320 

 321 

Part 4: Socioeconomic, health, and mobility predictors of early epidemiological outcomes 322 

Counties with larger populations and more air pollution had significantly more cases 323 

and deaths across all models, while greater mobility was a significant positive predictor of 324 

cases and deaths only in the models that excluded the ten counties where per capita deaths 325 

exceeded one per thousand (Table S6, Fig. 6). Counties with greater proportions of the 326 

population who were elderly or living below the poverty line or with lower rates of coronary 327 

heart disease reported more cases, while counties with lower educational attainment and 328 

earlier first cases reported more deaths. Additional health and socioeconomic covariates (e.g., 329 

diabetes, asthma) were included in some of the models selected by AIC, but their effect sizes 330 

were not significantly different from zero unless counties with per capita deaths greater than 331 

one per thousand were excluded. All predictors included in the models explained 67-73% of 332 

the variation in cases and 49-53% of the variation in deaths. 333 

 334 



 

 335 

Figure 6: Larger population size, higher pollution, and higher poverty rates were 336 

associated with more COVID-19 cases at the county level. Larger population size, more 337 

air pollution, and earlier first case reported were associated with more COVID-19 338 

deaths at the county level. Partial residual plots with lines giving the estimated 339 

multiplicative relationship between predictors and COVID-19 cases and deaths, with the 95% 340 

confidence interval is indicated as a shaded band. The points indicate the marginal 341 

multiplicative relationship at the county level between predictors and COVID-19 cases (top) 342 

or deaths (bottom), after adjusting for all other predictors selected in the best fit model. The 343 

top row shows the three most significant predictors of early COVID-19 cases: logged 344 

population size (Population), annual average ambient PM2.5 concentration (Pollution), and 345 

percentage of population living below poverty line (Poverty). The bottom row shows the 346 

three most significant predictors of early COVID-19 deaths: logged population size 347 

(Population), annual average ambient PM2.5 concentration (Pollution), and date first case in 348 

county was detected (First Case). Open circles indicate counties with less than one death per 349 

thousand people, while light and dark shaded circles indicate counties with outlying values 350 

for per capita deaths (thresholds of one or two deaths per thousand people, respectively). 351 

 352 

DISCUSSION 353 

Social distancing orders successfully reduced mobility, and lower mobility was associated 354 

with fewer COVID-19 deaths and cases in most Georgia counties (Table S5, Fig. 4, Table 355 

S6). Mobility gradually declined by 19 percentage points (95% CI: 10% - 27%) over ten days 356 

after social distancing orders were introduced, suggesting that, with some lag, these orders 357 



 

contributed to behavioral changes that may be indicative of social distancing (Table S5, Fig. 358 

4). Conversely, we found that undoing this level of mobility change—i.e., a 19 percentage 359 

point increase during the final week of shelter-in-place—would be associated with a 17% 360 

(95% CI: 1-35%) increase in COVID-19 deaths or 10% (95% CI: 0-20%) increase in cases in 361 

the counties where per capita deaths were fewer than one per thousand (Table S6). 362 

We found support for the hypothesis that the relationship between nonpharmaceutical 363 

interventions and early epidemiological outcomes was bidirectional, a trend that observed in 364 

counties that mandated wearing face coverings later in the epidemic (Dyke 2020; Adolph et 365 

al. 2021). Counties with earlier detection of cases and larger populations (predictive of larger 366 

outbreaks) tended to pass local orders before the statewide order (Table S1, Fig. 3, Table S6, 367 

Fig. 6). At the county level, having a higher proportion of Black or elderly residents was 368 

predictive of both lower mobility and more cases, suggesting self-protective behavior in 369 

vulnerable groups and a tendency early in the pandemic to detect more severe cases in 370 

populations with higher rates of health comorbidities (Table S5, Table S6, Fig. 5, Fig. 6) 371 

(Singh et al. 2021; Litwin and Levinsky 2021). The lower mobility in counties with larger 372 

Black population shares was surprising, as Black people were disproportionately employed in 373 

essential jobs where they were limited in their ability to socially distance, suggesting a need 374 

to further assess the relative impact of conflicting influences on compliance with public 375 

health orders (Robles et al. 2020; Cubrich 2020; Singh et al. 2021). Causal pathways cannot 376 

be inferred from this county-level correlational analysis of predictors at the county level and 377 

the findings of this study should be compared to individual-level data where possible to 378 

identify mechanisms (Richmond et al. 2020; Wu et al. 2020; Lobelo et al. 2021). Separating 379 

the causes and effects of differences in social distancing orders, mobility, and transmission 380 

using techniques such as instrumental variables will be important in assessing the efficacy of 381 

nonpharmaceutical intervention orders. 382 



 

Mobility data and the analyses presented here may not fully capture behavioral 383 

changes linked to nonpharmaceutical interventions. For example, while mobility did not 384 

significantly decrease following shelter-in-place orders when social distancing orders were 385 

already in place, Georgians may have reduced social contacts within a small radius of their 386 

homes following the shelter-in-place order. On the other hand, the calculated reduction in 387 

mobility following social distancing orders may not be directly proportional to the reduction 388 

in social contacts and in high-risk transmission settings (including indoor gatherings without 389 

face masks). This analysis does not capture the effects of additional public health measures 390 

(e.g., mask mandates and school closures) or behavioral changes prior to the public health 391 

orders (Lau et al. 2020). This approach to understanding effects of nonpharmaceutical 392 

interventions also does not capture spillover effects from geographically and socially 393 

connected counties, which could expand or distort the influence of local public health orders 394 

(Holtz et al. 2020; Muniz-Rodriguez et al. 2021). However, epidemiological models fit to 395 

cases, deaths, and mobility data similar to those used here have demonstrated that time-396 

varying transmission rates can be captured accurately using mobility data (Lau et al. 2020; 397 

Kain et al. 2021). 398 

In addition to the association with mobility, epidemiological outcomes were predicted 399 

by demographic, socioeconomic, and health factors. As expected, counties with larger 400 

populations sustained larger outbreaks because the rate of new infections is directly 401 

proportional to the number of susceptible people. Greater air pollution was also associated 402 

with more cases and deaths, potentially due to more rapid spread in more urbanized counties 403 

and/or to worse outcomes in communities with higher rates of health conditions linked to air 404 

pollution exposure (Wu et al. 2020). While the proportion of the population that commutes 405 

outside the county was not a significant predictor in these analyses, the data used were from 406 

2011-2015 and may not be fully representative of commuter patterns, especially in the rapidly 407 



 

expanding metro-Atlanta area (U.S. Census Bureau 2015). Contrary to our expectation, we 408 

found that the prevalence of comorbidities that are known to worsen individual outcomes for 409 

patients with COVID-19 (e.g., obesity and asthma) were not significant predictors of deaths 410 

or were negatively associated with early cases and deaths (e.g., coronary heart disease), 411 

potentially because they are confounded with factors like income and race (Berman et al. 412 

2021).  413 

Counties with a larger share of residents who were Black or living below the poverty 414 

line experienced more cases and/or deaths, a pattern that may reflect disparities and systemic 415 

injustices connected to racism in healthcare, housing, and occupation in Georgia and across 416 

the United States (van Holm et al. 2020; Azar et al. 2020; Moore et al. 2020; Gray et al. 417 

2020; Williams and Cooper 2020; Schulz et al. 2020; Richmond et al. 2020; Baltrus et al. 418 

2021; Benfer et al. 2021). These covariates may also indicate counties that have larger 419 

populations of workers who were deemed essential and unable to work from home under 420 

public health orders in addition to lacking sufficient workplace protections (Yancy 2020; 421 

Czeisler et al. 2020; Cubrich 2020; Schulz et al. 2020; Christensen et al. 2020). Counties with 422 

lower median household income had higher mobility, potentially supporting this hypothesis 423 

(Table S5, Fig. 5) (Singh et al. 2021). While the Hispanic or Latinx, Asian, or American 424 

Indian and Alaska Native proportions of the population were not significant predictors of 425 

cases, deaths, or mobility at the population level, more data and detailed studies are necessary 426 

to understand the impacts of discrimination and injustice across different ethnic and racial 427 

groups (File S1) (Lobelo et al. 2021). Identifying the mechanisms and relative importance of 428 

these potential drivers of disparate outcomes is critical for addressing the disproportionate 429 

impact of COVID-19 on marginalized communities. Notably, almost all counties with 430 

especially high outlying values for per capita deaths at the beginning of the epidemic had 431 



 

median household incomes below and Black population shares above the statewide averages 432 

(Fig. 3). 433 

This analysis could be extended to more locations, and Georgia’s heterogeneous 434 

response could be compared to states like California, which had an early statewide shelter-in-435 

place order. Focusing this analysis within a single state at the beginning of the pandemic 436 

allows us to quantify initial epidemic spread and to assess the efficacy of interventions related 437 

to reducing contacts, in addition to understanding risk factors for large outbreaks at a time 438 

when treatments and control measures were especially limited. However, testing limitations 439 

and lack of early knowledge about the virus may have contributed to substantial 440 

underreporting of cases, especially in rural counties lacking public health infrastructure 441 

(Rader et al. 2020). Furthermore, the cumulative case and death counts used in this analysis 442 

were assigned to dates based on when they were reported online by the Georgia Department 443 

of Public Health, which did not initially release time series of daily new cases and deaths and 444 

did not note when symptoms or testing occurred (for cases), or when the death occurred, 445 

meaning that these counts may not fully capture epidemiological outcomes on their 446 

corresponding dates (Johns Hopkins University Center for Systems Science and Engineering 447 

2020; Dong et al. 2020). As statewide orders were lifted across the country, county 448 

governments became increasingly responsible for containing local outbreaks, while predictors 449 

of more transmission changed over time (Johnson 2020; Lance Bottoms 2020; Porter et al. 450 

2021; Ogwara et al. 2021; Berman et al. 2021; Adolph et al. 2021; California Department of 451 

Public Health). Local governments will therefore need to understand the impact of these 452 

orders and identify county-level features that may affect outbreak risk and nonpharmaceutical 453 

intervention implementation to respond to this ongoing pandemic and other emerging 454 

infectious diseases.  455 

 456 



 

CONCLUSION 457 

Here, we showed that while social distancing orders did reduce mobility (Table S2, 458 

Fig. 4), and reduced mobility was associated with fewer COVID-19 cases and deaths in most 459 

counties (Table S6), the efficacy of these nonpharmaceutical interventions was mediated by 460 

the will of municipal and state governments to impose, and ability of community members to 461 

observe, public health orders. While changing mobility likely affected COVID-19 462 

transmission, this was one of many factors associated with epidemiological outcomes (Table 463 

S6, Fig. 6) (Lau et al. 2020; Singh et al. 2021).  464 

Demographics, health, economic resources, and social and political power—and 465 

disparities in these factors—within communities affect both their vulnerability to and 466 

responses to disease outbreaks. Because these factors are interconnected through both causal 467 

linkages and correlations driven by underlying societal structures and inequities (Fig. 2), it is 468 

impossible to completely disentangle the causal effects from observational data. However, 469 

this work illustrates the imperative need to consider interconnected policy, behavioral 470 

responses, socioeconomic factors, and demographic conditions in evaluating and designing 471 

policy to combat emerging epidemics (e.g., expanding public health protections, occupational 472 

safety measures, and medical resources in counties at greatest risk of large outbreaks and 473 

enhancing outreach and social support, such as housing assistance and paid leave, for 474 

populations that are least able to comply with public health orders) (Robles et al. 2020; 475 

Moore et al. 2020; Cubrich 2020; Schulz et al. 2020; Porter et al. 2021; Baltrus et al. 2021; 476 

Benfer et al. 2021; Lobelo et al. 2021; Adolph et al. 2021).  477 

Data Accessibility 478 

Data and code are available on Github at https://github.com/mjharris95/GA-COVID 479 
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File S1: Evidence of correlations between racial and ethnic covariates to justify covariate selection. 

In order to determine which racial and ethnic covariates to include in our models, we first identified highly 

correlated covariates. The proportions of the population that is White or Black in a given county were strongly 

correlated (r = -0.99). We choose to focus on the proportion of Black people in the population based on evidence of 

increased risk for COVID-19 infection and mortality resulting from health and economic disparities connected to 

racial discrimination (van Holm et al. 2020; Azar et al. 2020; Gray et al. 2020; Williams and Cooper 2020). The 

remaining three covariates (proportion of the population identifying as Asian, Hispanic or Latinx, or American 

Indian and Alaska Native) are not included in the best fitting models following model selection, meaning that they 

were not significant predictors of cases, deaths, or mobility at the county-level.  

 

Supplemental Figure 1: Matrix of correlations between population proportions of census-reported race and ethnicity 

categories at the county level. Along the diagonal, histograms give the distribution of population proportions for the 

labeled racial and ethnic categories (W=White; B=Black or African American; H=Hispanic or Latinx; A=Asian; 

I=American Indian or Alaska Native). Below the diagonal, scatterplots are given of pairs of these variables across 

counties, with the red line indicating the relationship determined by linear regression. Reflected over the diagonal, 

correlation coefficients are displayed with font size proportional to magnitude. Statistical significance is denoted 

using asterisks (.: P <0.10; *: P <0.05; **: P <0.01; ***: P <0.001). 



 

 

Table S1: Coefficients for demographic and epidemiological predictors of local nonpharmaceutical 

intervention public health orders.  

The best fit model for each response variable is given across a row, and the effect size for each predictor is given 

with a 95% confidence interval in parentheses. Statistical significance is denoted using asterisks (*: P <0.05; **: P 

<0.01; ***: P <0.001) and progressively darker shading corresponding to the same thresholds. Nagelkerke Pseudo-

R2 values for each model are given in the second column. Predictors (from left to right) are: natural logarithm of 

population size (Population); median household income (Income); percent point difference of Republican and 

Democratic vote share in 2018 gubernatorial election (Partisanship); and date first case in county was reported (First 

Case). 

 Demographic Socioeconomic COVID-19 

 Pseudo-R2  Population Income Partisanship First Case 

Social Distancing (all) 0.31 0.56 

(0.11, 1.06)* 

 -0.74 

(-1.24, -0.26)** 

 

Social Distancing (per 

capita deaths <2 per 

thousand) 

0.26 0.64 

(0.17, 1.17)* 

 -0.68 

(-1.20, -0.19)** 

 

Social Distancing (per 

capita deaths <1 per 

thousand) 

0.25 1.01 

(0.29, 1.85)* 

-0.62 

(-1.53, 0.11) 

-0.66 

(-1.24, -0.09)* 

 

Shelter-in-Place (all) 0.54 1.08 

(0.23, 2.05)* 

-0.55 

(-1.29 , 0.07) 

 -1.90 

(-3.19, -0.78)** 

Shelter-in-Place (per 

capita deaths <1 per 

thousand) 

0.53 1.28 

(0.36, 2.36)* 

-0.46 

(-1.18, 0.15) 

 -1.74 

(-3.05, -0.59)** 

Shelter-in-Place (per 

capita deaths <2 per 

thousand) 

0.51 1.29 

(0.37, 2.37)* 

-0.56 

(-1.34, 0.08) 

 -1.84 

(-3.19, -0.67)** 

 



 

 

Table S2: Event study results for impact of social distancing and shelter-in-place orders on mobility.  

Fixed effects by policy day (βp) with 95% confidence interval. Significance is denoted using asterisks (*: P <0.05; 

**: P <0.01; ***: P <0.001) and progressively darker shading corresponding to the same thresholds.  

Policy Day All Counties (Social Distancing) All Counties (Shelter-in-Place) 

1 -3.76 (-8.05, 0.53)  -3.03 (-7.05, 1.00) 

2 -4.89 (-9.52, -0.24)* -5.90 (-10.15, -1.65)** 

3 -5.96 (-10.97, -0.94)* -6.11 (-10.54, -1.68)** 

4 -6.92 (-12.20, -1.64)* -5.27 (-9.99, -0.55)* 

5 -10.28 (-15.91, -4.65)*** -3.61 (-8.52, 1.30) 

6 -11.86 (-17.88, -5.84)*** -0.97 (-6.06, 4.13) 

7 -12.48 (-18.96, -6.00)*** -4.08 (-9.30, 1.14) 

8 -13.73 (-20.67, -6.78)*** -5.88 (-11.53, -0.23)* 

9 -14.97 (-22.62, -7.33)*** -2.35 (-8.22, 3.53) 

10 -18.86 (-27.23, -10.49)*** -4.07 (-10.27, 2.13) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Table S3: Event study estimates of fixed effect of county on mobility.  

The names of all counties are given along with their corresponding estimates of fixed effect on mobility. Fixed 

effects were estimated separately for the model of the effects of social distancing and shelter-in-place and both 

values are given. Blank spaces indicate counties for which no mobility data were provided. 

County Social distancing Shelter-in-Place 

Appling     NA     NA 

Atkinson 10.13 10.9 

Bacon 19.2 10.25 

Baker     NA     NA 

Baldwin 30.08 25.55 

Banks 8.93 17.25 

Barrow -16.27 -10.55 

Bartow -13.77 -4.94 

Ben Hill 2.93 8.5 

Berrien -7.17 -3.75 

Bibb -8.57 -8.4 

Bleckley -18.87 -17.2 

Brantley -15.52 -18.45 

Brooks -16.57 -12.15 

Bryan -18.72 -19.95 

Bulloch 29.88 17.85 

Burke 4.35 -3.35 

Butts -8.92 -1.75 

Calhoun     NA     NA 

Camden -10.52 -12.3 

Candler -0.62 4.3 

Carroll -15.07 -9.41 

Catoosa -10.87 -6.2 

Charlton -17.52 -14.85 

Chatham -10.18 -19.7 

Chattahoochee     NA     NA 

Chattooga -17.22 -6.75 

Cherokee -33.67 -28.11 

Clarke 29.23 14.29 

Clay     NA     NA 

Clayton -26.01 -34.41 

Clinch -0.62 8.65 

Cobb -30.33 -32.06 

Coffee 9.83 13.45 

Colquitt -3.72 2.8 

Columbia -10.92 -9.95 

Cook -5.87 -3.8 

Coweta -16.22 -11.6 

Crawford -3.37 -7.75 

Crisp 5.13 3.9 

Dade -10.47 -3.1 

Dawson -14.87 -9.15 

Decatur 3.18 8.45 

Dekalb -39.46 -44.82 

Dodge 1.58 4.8 

Dooly 20.48 27.5 

Dougherty -21.97 -14.85 

Douglas -28.12 -22.48 

Early -19.97 -14.47 

Echols 8.58 18.35 

Effingham -11.62 -10.5 

Elbert 1.93 8.4 

Emanuel -3.02 -4.2 

Evans 1.13 2.75 

Fannin -2.22 -3 

Fayette -25.77 -20.3 

Floyd -2.32 3.18 

Forsyth -28.92 -24.5 



 

 

Franklin 6.58 11.75 

Fulton -25.4 -36.02 

Gilmer -3.67 1 

Glascock     NA     NA 

Glynn -4.37 -4.2 

Gordon -1.37 9.3 

Grady -6.97 -6.25 

Greene -16.07 -7.25 

Gwinnett -31.53 -33.34 

Habersham -0.12 6.41 

Hall -11.42 -6 

Hancock     NA     NA 

Haralson 6.83 13.4 

Harris 5.23 8.75 

Hart -5.87 -0.8 

Heard 2.73 6.25 

Henry -20.83 -22.9 

Houston -12.02 -13.3 

Irwin 13.68 14.9 

Jackson -14.92 -9 

Jasper -9.77 -5.55 

Jeff Davis 4.13 7.1 

Jefferson -4.12 -5.6 

Jenkins 1.08 -4.05 

Johnson -5.07 4.6 

Jones -3.67 0.6 

Lamar -16.87 -13.75 

Lanier -11.62 -10 

Laurens 2.73 5.65 

Lee 6.33 15.45 

Liberty -29.82 -29.3 

Lincoln -11.32 -10.35 

Long 16.68 20.2 

Lowndes -6.22 -0.72 

Lumpkin 12.23 13.5 

Macon -1.02 -3.9 

Madison -6.67 1.35 

Marion     NA     NA 

Mcduffie -1.72 3.4 

Mcintosh 0.58 -9.95 

Meriwether -25.77 -18.4 

Miller -9.77 -3.25 

Mitchell -16.32 -14.35 

Monroe -5.02 -1.3 

Montgomery     NA 4.8 

Morgan -12.47 -5.35 

Murray -3.67 1.9 

Muscogee -18.32 -19.5 

Newton -21.62 -16.6 

Oconee -2.22 6.1 

Oglethorpe -8.72 -1.15 

Paulding -22.82 -15.3 

Peach -5.97 -5.15 

Pickens -15.72 -10.22 

Pierce 4.98 7.25 

Pike 5.03 10.4 

Polk -20.12 -11.39 

Pulaski -22.12 -16.4 

Putnam -9.27 -6.85 

Quitman     NA     NA 

Rabun -10.22 -9.75 

Randolph     NA     NA 

Richmond -15.97 -17.8 

Rockdale -36.17 -31.23 

Schley     NA     NA 

Screven -9.42 -11.25 



 

 

Seminole -5.52 5.15 

Spalding -9.57 -4.07 

Stephens 0.78 5.3 

Stewart     NA     NA 

Sumter 10.18 10.35 

Talbot -10.87 -11.45 

Taliaferro     NA     NA 

Tattnall -20.87 -16.9 

Taylor -10.97 -10.65 

Telfair 4.68 5.95 

Terrell -33.07 -26.75 

Thomas -0.97 2.7 

Tift 8.33 11.98 

Toombs 12.88 16 

Towns 0.58 -6.6 

Treutlen -2.22 5 

Troup 0.73 4.2 

Turner 14.58 12.65 

Twiggs     NA     NA 

Union -1.12 0.05 

Upson -4.92 -0.6 

Walker -10.02 -5.05 

Walton -14.32 -8.25 

Ware -0.02 3.4 

Warren     NA     NA 

Washington 4.78 8.8 

Wayne 1.53 2.95 

Webster     NA     NA 

Wheeler     NA     NA 

White -7.37 -3.25 

Whitfield -0.52 6.25 

Wilcox -0.97 -5.85 

Wilkes -5.12 -7 

Wilkinson 12.33 13.85 

Worth -24.77 -20.25 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Table S4: Event study estimates of fixed effect of date on mobility.  

Fixed effects were estimated separately for the model of the effects of social distancing and shelter-in-place and both 

values are given. Blank spaces indicate dates that were not included in the given model (i.e., no county was within a 

ten-day time window of the public health order’s introduction). 

Date Social distancing Shelter-in-Place 

3/1/2020            

3/2/2020            

3/3/2020            

3/4/2020            

3/5/2020            

3/6/2020            

3/7/2020 4.21       

3/8/2020 -41.14 -28 

3/9/2020 -10.21 -15 

3/10/2020 -11.31 -10.66 

3/11/2020 -6.81 -4.16 

3/12/2020 -6.98 -3.66 

3/13/2020 -2.16 0.84 

3/14/2020 -36.36 -56.14 

3/15/2020 -63.11 -87.48 

3/16/2020 -37.2 -62 

3/17/2020 -46.89 -73.61 

3/18/2020 -51.41 -78.91 

3/19/2020 -45.3 -73.71 

3/20/2020 -42.01 -66.12 

3/21/2020 -72.62 -95.92 

3/22/2020 -96.53 -121.89 

3/23/2020 -69.11 -100.83 

3/24/2020 -68.69 -97.48 

3/25/2020 -62.91 -92.65 

3/26/2020 -61.57 -92.36 

3/27/2020 -53.61 -85.28 

3/28/2020 -72.52 -107.31 

3/29/2020 -86.83 -123.63 

3/30/2020 -61.49 -98.92 

3/31/2020 -65.73 -104.18 

4/1/2020 -56.07 -96.38 

4/2/2020 -45.08 -88.81 

4/3/2020      -94.38 

4/4/2020      -125.11 

4/5/2020      -133.8 

4/6/2020      -104.01 

4/7/2020      -105.55 

 

 

 

 

 

 

 

 

 

 

 



 

 

Table S5: Coefficients for socioeconomic predictors of mobility.  

The best fit model for each response variable is given across a row, and the effect size for each predictor is given 

with a 95% confidence interval. R2 values for each model are given in the second column. Significance is denoted 

using asterisks (*: P <0.05; **: P <0.01; ***: P <0.001) and progressively darker shading corresponding to the same 

thresholds. Predictors (from left to right) are aged-weighted infection fatality rates (Age); percent of population that 

is Black (Race); and median household income (Income). 

 Demographic Socioeconomic 

 R2 Age Race Income 

Final Mobility 

(all counties) 

0.11 -0.36 (-0.53, -0.20)*** -0.22 (-0.39, -0.05)* -0.22 (-0.39, -0.04)* 

Final Mobility 

(per capita deaths <2 

per thousand) 

0.11 -0.34 (-0.51, -0.17)*** -0.19 (-0.37, -0.02)* -0.24 (-0.39, -0.03)* 

Final Mobility 

(per capita deaths <1 

per thousand) 

0.13 -0.34 (-0.51, -0.17)*** -0.17 (-0.36, 0.01) -0.23 (-0.41, -0.04)* 



 

 

Table S6: Coefficients for socioeconomic, health, and legislative predictors of early epidemiological outcomes.  

The best fit model for each response variable is given across a row, and the effect size for each predictor is given with a 95% confidence interval. Significance is denoted using 

asterisks (*: P <0.05; **: P <0.01; ***: P <0.001) and progressively darker shading corresponding to the same thresholds. Nagelkerke Pseudo-R2 values for each model are given in 

the second column in bold. Predictors (from left to right) are aged-weighted infection fatality rates (Age); percent of population that is Black (Race); natural logarithm of population 

size (Pop.); age-adjusted emergency room visit rate for asthma (Asthma); prevalence of diabetes in adults (Diab.);  coronary heart disease-related hospitalization rate (C.H.D.); annual 

average ambient PM2.5 concentration (Poll.); percent of population with a high school degree (Edu.); proportion of population living in poverty (Poverty); unemployment rate 

(Unemp.); average normalized daily mobility in the final week of April (Mob.); date first case in county was detected (F.C .). 

 Demographic Health Socioeconomic Behav- 

ior 

COVID-

19  
Pseudo-

R2 

Age Race Pop. Asthma Diab. C.H.D. Poll. Edu. Poverty Unemp. Mob. F.C 

Cases (all 

counties) 

0.73 0.16 

(-0.01, 
0.33) 

* 

 0.81 

(0.62, 
1.00) 

*** 

  -0.23  

(-0.35,  
-0.11) 

*** 

0.24 

(0.10, 
0.38) 

*** 

 0.37 

(0.24, 
0.50) 

*** 

  -0.22 

(-0.39, 
-0.05) 

** 

Cases (per capita 

deaths <2 per 

thousand) 

0.68 0.16 

(-0.01, 

0.32) 
* 

 

 1.00 

(0.83, 

1.18) 
*** 

 0.10 

(-0.01, 

0.22) 

-0.20  

(-0.32,  

-0.08) 
** 

0.25 

(0.11, 

0.38) 
*** 

 0.32 

(0.20, 

0.45) 
*** 

   

Cases (per capita 

deaths <1 per 
thousand) 

0.67 0.23 

(0.85, 
0.37) 

** 

0.20 

(0.04, 
0.35) 

** 

0.89 

(0.75, 
1.04) 

*** 

 0.14 (0.03, 

0.25) 
* 

 0.16 

(0.03, 
0.30) 

** 

  -0.13  

(-0.28, 
0.03) 

 

0.11 

(0.00, 
0.22) 

* 

 

Deaths (all 
counties) 

0.53   0.62 
(0.34, 

0.91) 

*** 

0.17 
(-0.05, 

 

0.40) 

 -0.25 
(-0.42, 

-0.07) 

* 

0.27 
(0.06, 

0.48) 

** 

-0.23 
(-0.50, 

0.03) 

 

0.32 
(0.05, 

0.60) 

* 

  -0.43 
(-0.71, 

-0.18) 

*** 
 

Deaths (per 

capita deaths <2 

per thousand) 

0.48   0.75 

(0.45, 

1.05) 
*** 

  -0.23 

(-0.41, 

-0.05) 
* 

0.30 

(0.09, 

0.51) 
** 

-0.22 

(-0.49, 

0.05) 

0.40 

(0.17, 

0.63) 
*** 

  -0.34 

(-0.63, 

-0.05) 
* 

Deaths (per 

capita deaths <1 

per thousand) 

0.49   0.72 

(0.46, 

0.99) 
*** 

0.24 

(0.04, 

0.44) 
* 

  0.29 

(0.09, 

0.49) 
** 

-0.24 

(-0.46, 

-0.03) 
* 

 -0.18 

(-0.43, 

0.06) 

0.19 

(0.02, 

0.37) 
* 

-0.20 

(-0.46, 

0.06) 



 

 

Table S7: Data dictionary. Names of all predictors and response variables referenced in the texts, along with 

detailed descriptions of the variable.  

Name  Description 

Age aged-weighted infection fatality rates; predictor 

Race percent of population that is Black; predictor 

Population (Pop.) natural log of population size; predictor 

Asthma age-adjusted emergency room visit rate for asthma per 100,000 people; predictor 

Diabetes (Diab.) prevalence of diabetes in adults; predictor 

Coronary Heart 

Disease (C.H.D.) 

Coronary heart disease-related hospitalization rate per 1,000 Medicare beneficiaries over age 65+; predictor 

Pollution (Poll.) annual average ambient PM2.5 concentration; predictor 

Education (Edu.) percent of population with a high school degree; predictor 

Income median household income (thousands of dollars); predictor 

Partisanship percent point difference of Republican and Democratic vote share in 2018 gubernatorial election; predictor 

Poverty 

 

Percent of population living in poverty; predictor 

Unemployment 

(Unemp.) 

unemployment rate; predictor 

First Case (F.C.) date first case in county was reported; predictor 

Social Distancing binary whether policies were introduced at either the county level prior to the statewide order to encourage social distancing in 

the general population (e.g., ban on gatherings at non-essential businesses, restrictions on gathering sizes, closure of public use 

areas); binary response variable for analysis 1 

Shelter-in-Place whether a shelter-in-place order was introduced at the county level prior to the statewide order; binary response variable for 

analysis 1 

Mobility (Mob.) average daily mobility (defined as the median radius of movement across devices in a county) in the final week of April as a 

proportion of a pre-pandemic baseline between February 17th and March 17th, 2020; continuous response variable for analysis 

3 and predictor for analysis 4 

Cases Cumulative COVID-19 cases reported within four weeks of a county’s first reported case; discrete response variable for 

analysis 4 

Deaths Cumulative COVID-19 deaths reported within six weeks of a county’s first reported case; discrete response variable for 

analysis 4 
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