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Abstract 

To investigate the impact of local public health orders, behavior, and population factors on 

early epidemic dynamics, we investigated variation among counties in the U.S. state of Georgia. 

We conducted regressions to identify predictors of (1) local public health orders, (2) mobility as 

a proxy for behavior, and (3) epidemiological outcomes (i.e., cases and deaths). We used an 

event study to determine whether social distancing and shelter-in-place orders caused a change 

in mobility. 

Counties at greater risk for large early outbreaks (i.e., larger populations and earlier first cases) 

were more likely to introduce local public health orders. Social distancing orders gradually 

reduced mobility by 19% ten days after their introduction, and lower mobility was associated 

with fewer cases and deaths. Air pollution and population size were predictors of cases and 

deaths, while larger elderly or Black population were predictors of lower mobility and greater 

cases, suggesting self-protective behavior in vulnerable populations. Early epidemiological 

outcomes reflected responses to policy orders and existing health and socioeconomic 

disparities related to disease vulnerability and ability to socially distance. Teasing apart the 

impact of behavior changes and population factors is difficult because the epidemic is 

embedded in a complex social system with multiple potential feedbacks. 

 

 

 

 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 27, 2021. ; https://doi.org/10.1101/2021.03.24.21254256doi: medRxiv preprint 

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.

https://doi.org/10.1101/2021.03.24.21254256
http://creativecommons.org/licenses/by/4.0/


Introduction 

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

vaccines or therapeutics, nonpharmaceutical interventions like non-essential business closures 

and bans on social gatherings are some of the only effective measures to control disease 

transmission.1 These interventions have been successfully implemented historically and were 

introduced in many locations at the beginning of the COVID-19 pandemic.2,3 Slowing 

transmission in the early stages of the COVID-19 pandemic has been critical for minimizing 

deaths and for keeping new hospitalizations below health systems capacity, allowing public 

health departments to build testing capacity for targeted intervention strategies (i.e., contact 

tracing), and potentially giving researchers time to develop more effective treatments and 

vaccines.4,5 However, the ability to socially distance is often limited for people with low 

incomes, including many in communities of color, exacerbating the disproportionate impact of 

this virus on marginalized groups, which also tend to have higher rates of relevant 

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

air pollution that may worsen outcomes for COVID-19 patients).6–9 

The first confirmed case of COVID-19 in the United States was reported in late January, 2020.10 

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

State level responses varied tremendously, due in part to spatial heterogeneity in virus spread 

early in the epidemic, as well as differences in perspectives on the virus that often fell along 

partisan lines.11,12 For example, on March 19th, 2020, California Governor Newsom introduced 

the country’s first statewide shelter-in-place order, and all but eight states enacted shelter-in-

place orders by April 7th.13 Most other states followed, and all but eight states enacted shelter-

in-place orders by April 7th (Arkansas, Iowa, Nebraska, North Dakota, South Dakota, Oklahoma, 

Utah, and Wyoming; states that had notably explosive outbreaks months later, in the fall of 

2020).13 In some cases, when states delayed nonpharmaceutical interventions despite local 

transmission, county and municipal governments introduced stricter public health orders than 

those established at the state level.  

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

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

patchwork of earlier local orders. In a national analysis, multiple Georgia counties were 

identified as particularly vulnerable to COVID-19 due to intersecting socioeconomic and health 

risk factors.14 The first COVID-19 case in Georgia was recorded on March 3rd and by March 27th 

Albany, Georgia had the third highest per capita death rate of any metro area in the world, 

following a February superspreading event that was not detected until several weeks later.10,15 

On March 20th, Athens-Clarke County became the first local government in Georgia to issue a 

shelter-in-place order, while Governor Kemp banned gatherings of more than ten people on 

March 24th and issued a statewide shelter-in-place on April 3rd. 16–18 Nineteen additional 

counties had similar shelter-in-place orders prior to the Governor’s statewide order, while 23 of 

159 counties introduced measures to promote social distancing prior to the Governor’s large 
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gathering ban (Fig. 1).17,19 Local interventions tended to be clustered in metro-Atlanta counties, 

but there was some geographic heterogeneity in county-level measures (Fig. 1). 

It is important to understand the efficacy of county-level ordinances and to identify 

socioeconomic predictors of worse early outcomes and reduced nonpharmaceutical 

intervention compliance.20–22 These analyses are complicated by the presence of several 

interrelated covariates that may have bidirectional relationships (e.g., nonpharmaceutical 

intervention may reduce transmission, but counties may enact these policies because they 

already have high transmission rates).20 For example, counties with low median household 

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

have larger working class populations who were limited in their ability to practice 

nonpharmaceutical interventions, while high housing density and air pollution may also indicate 

more urbanized areas with more rapid early spread.21,22 Identifying predictors of worse early 

outbreaks and reduced ability to follow nonpharmaceutical interventions could guide future 

responses to emerging infectious diseases and inform ongoing COVID-19 response strategies.  

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

health orders, mobility as a proxy for behavior, and early COVID-19 epidemic outcomes, some 

of which may be bidirectional or cyclical, in Georgia at the county level (Fig. 2). Specifically, we 

asked: (1) What county-level demographic and epidemiological characteristics predict the 

introduction of local public health orders? (2) Did public health orders decrease mobility? (3) 

How are socioeconomic factors related mobility? (4) Which socioeconomic, health, and 

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

answer questions one, three, and four, we conducted regressions and used model selection to 

identify the top predictors of each response variable. To answer the second question, we 

conducted an event study to quantify the causal impact of public health orders on mobility.  

Methods 

Epidemiological Data 

We used daily county-level COVID-19 cases and deaths reported by the Georgia Department of 

Public Health and aggregated in the COVID-19 Data Repository by the Center for Systems 

Science and Engineering (CSSE) at Johns Hopkins University.10  In these analyses, we included 

cases and deaths reported within four and six weeks, respectively, of each county’s first 

reported case because we were interested in studying early epidemic outcomes. The additional 

two weeks for deaths accounts for the lag between case detection and mortality.23 We also 

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

of the statewide shelter-in-place order. 

Legislative Data 

We used daily public health orders implemented at the county based on State Executive Orders, 

Departments of Education, and other news sources and aggregated in the Center for the 
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Ecology of Infectious Disease at the University of Georgia’s COVID-19-DATA repository.19 We 

defined policies that encourage social distancing in the general population as policies that ban 

gatherings at non-essential businesses, restrictions on gathering sizes, closures of public use 

areas, and ordinances that otherwise encourage social distancing. School closures were not 

included under this definition of social distancing orders as only nine counties implemented 

local school closures, all within one week of the March 16th statewide school closures, 

precluding meaningful comparisons. For each county, we defined the beginning of social 

distancing and shelter-in-place based on the date of the statewide orders if they were enacted 

prior to any county-level legislation. 

Socioeconomic Data 

Population size and the proportion of the county identifying as Black or African American, 

Hispanic or Latino, Asian, and American Indian and Alaska Native were based on the US Census 

Bureau’s county-level estimates for 2018.24 The proportion of the population identifying as 

White was excluded from the analysis, as it was highly negatively correlated with the 

proportion of the population identifying as Black (Supplement: File S1). Population size was log-

transformed for all regressions. We also incorporated educational attainment (i.e., proportion 

of the population with a high school diploma), unemployment, percentage of people below the 

poverty line, median household income, and housing units per square mile compiled previously 

from US Census Bureau reports as indicators of socioeconomic status and urbanization.14 We 

calculated county-wide age-weighted infection fatality rate based on age-specific infection 

fatality rates and the US Census Bureau’s 2018 estimates of the proportion of each county in 

corresponding age bins.25,26 

Partisanship Data 

The partisanship of each county was defined as the vote margin in percentage points between 

the Republican and Democratic candidates for Governor of Georgia in 2018, with more positive 

values indicating counties with more Republican voters.27 

Comorbidity and Health Data 

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

coronary heart disease, and diabetes) were compiled previously from the Centers for Disease 

Control and Environmental Protection Agency.14 We collected additional data on asthma from 

the Georgia Department of Public Health.28 

Mobility Data 

We computed the proportion of each county’s population that works in another county based 

on the 2011-2015 American Community Survey Commuting Flows.29 To measure variation in 

mobility over time and space, our metric of behavioral changes related to the pandemic, we 

used daily county-level statistics based on mobile phone data from Descartes Lab.30 The 

maximum distance traveled from the initial point on each day was recorded for every device 
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and the daily median across devices (m50) in a county was calculated. Normalized daily mobility 

(m50_index) was defined as a proportion of baseline mobility prior to widespread mobility 

changes in the US.30 For regressions, we defined mobility as the mean m50_index in the final 

week of April, corresponding to the end of the shelter in place period. Ten counties were 

excluded from the analyses because they had no available mobility data (Baker, Calhoun, Clay, 

Glascock, Hancock, Quitman, Stewart, Taliaferro, Warren, Webster, and Wheeler) (Fig. 1).Data 

Analysis 

Part 1: Predictors of local public health orders: logistic regression 

We conducted logistic regression to identify predictors of a county’s having a local social 
distancing or shelter-in-place order prior to the statewide orders. Covariates were normalized 
by subtracting the mean and dividing by standard deviation to allow direct comparisons of 
effect sizes. Forward and backward model selection was conducted to minimize AIC, balancing 
goodness-of-fit against overfitting. 

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

capita skewed our results by performing sensitivity analyses excluding the three counties—

involved in an early superspreading event—where per capita death rates exceeded two per 

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

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

Mitchell, Sumter, and Upson) (Fig. 1). We computed Nagelkerke’s pseudo-R2 for all models.31,32 

All analyses were conducted in R statistical software version 4.0.0. 

Part 2: Effect of public health orders on mobility: event study 

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

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

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

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

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

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

��������,��� � � 0, � 	 ��� 
 �� � 1, � 
 ��
�  #�1�  

where t is the time in days and �� is the date a particular order was introduced. 

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

both the binary effects of nonpharmaceutical interventions and the effect of days since a 

nonpharmaceutical interventions was introduced. The model formulation was: 

��������	,� � � � �	������ � ����� � �
������ � !	,� #�2�  

Where α is an intercept, β’s are coefficients for corresponding covariates, and ! is an error term 

for each county i and date t. In addition to the ten counties excluded from regression due to no 
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mobility data, seven more counties were excluded from the both event studies due to 

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

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

orders. 

Part 3: Predictors of mobility: Gaussian linear regression 

We examined the relationship between socioeconomic variables and average mobility in the 

last week of April using a Gaussian linear regression to identify predictors of nonpharmaceutical 

intervention compliance. Model selection was conducted as described in part one. 

Part 4: Predictors of early epidemiological outcomes: negative binomial regression 

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

outcomes by fitting negative binomial regressions to reported COVID-19 cases and death. Both 

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

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

described in part one.31,32 

Results 

Part 1: Predictors of local public health orders: logistic regression 

Counties with a greater share of Democratic voters and larger populations were more likely to 
introduce social distancing orders (Supplement: Table S1, Fig. 3). Counties with earlier first case 
detection and larger populations were more likely to pass shelter-in-place orders. Most of these 
counties contain large municipalities (e.g., Atlanta, Athens, and Macon). All findings were 
robust to the inclusion or exclusion of counties with high per capita deaths (>1 or 2 per 1000). 
Socioeconomic and demographic variables captured less variation in the passage of local social 
distancing orders (pseudo-R2: 0.25-0.31) compared to local shelter-in-place orders (pseudo-R2: 
0.51-0.54) (Supplement: Table S1). 

Part 2: Effect of public health orders on mobility 

Mobility decreased by 19% (P<0.001) in the ten days following the introduction of a social 

distancing order (Supplement: Table S2). We observed 21 instances (county-days) where 

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

35%—which we designated as mobility extremes—and all occurred prior to the introduction of 

local social distancing orders (Fig. 4).  

All counties had social distancing orders prior to shelter-in-place orders; statewide social 

distancing orders were introduced ten days before the statewide shelter-in-place order. 

Therefore, the event study involving shelter-in-place orders indicates the marginal effect of 

shelter-in-place orders after accounting for social distancing orders. Overall, although mobility 

was significantly reduced two to five days after shelter-in-place orders were passed, we did not 

detect a sustained marginal effect of shelter-in-place orders on mobility, after accounting for 
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the effects of social distancing orders already in place (Supplement: Table S2, Fig. 4). County 

and date fixed effects are reported in Tables S3-4. 

Part 3: Socioeconomic predictors of mobility: Gaussian linear regression 

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

negative predictors of mobility (Supplement: Table S5, Fig. 5). Mobility declined by 20 

percentage points for every 0.0052 increase in age-weighted infection fatality rate, $5,207 

increase in median household income, or 39 percentage point increase in the Black proportion 

of the population. There was little variation in effect sizes when counties with outlying per 

capita death rates were excluded. Of the ten counties where per capita deaths exceeded one 

per thousand, all had median household income below the statewide mean ($44,000), nine had 

Black population proportions above the statewide average of 0.30 (and six were majority 

Black), and seven had age-weighted infection fatality rates above the statewide average of 

0.011 (Fig. 5). The model only captured 11-13% of observed variation in mobility (Supplement: 

Table S5). 

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

negative binomial regression 

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

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

deaths only in the models that excluded the ten counties where per capita deaths exceed one 

per thousand (Supplement: Table S6, Fig. 6). Counties with greater proportions of the 

population who were elderly or living below the poverty line and lower rates of coronary heart 

disease reported more cases, while counties with lower educational attainment and earlier first 

cases reported more deaths. Additional health and socioeconomic covariates were included in 

some of the models selected by AIC, but their effect sizes were not significantly different from 

zero unless counties with per capita deaths greater than one per thousand were excluded (e.g., 

diabetes, asthma). All predictors included in the models explained 67-73% of the variation in 

cases and 49-53% of the variation in deaths, where ranges depended on the subset of outlier 

counties that were included. 

Discussion 

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

fewer COVID-19 deaths in most Georgia counties. Mobility gradually declined by 19% (95% CI: -

27% - -10%) over ten days after social distancing orders were introduced, suggesting that, with 

some lag, these orders contributed to behavioral changes that may be indicative of social 

distancing (Supplement: Table S5, Fig. 4). Conversely, we found that undoing this level of 

mobility change—i.e., a 19% increase during the final week of shelter-in-place—would be 

associated with a 17% (95% CI: 1-35%) increase in COVID-19 deaths or 10% (95% CI: 0-20%) 

increase in cases in the counties where per capita deaths were fewer than one per thousand 

(Supplement: Table S6, Fig. 6). Moreover, we did not detect a significant marginal effect on 
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mobility from shelter-in-place orders after social distancing orders had already been 

introduced.  

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

to nonpharmaceutical interventions. For example, while mobility did not significantly decrease 

following shelter-in-place orders when social distancing orders were already in place, Georgians 

may have reduced social contacts within a small radius of their homes following the shelter-in-

place order. On the other hand, the calculated reduction in mobility following social distancing 

orders may not be directly proportional to the reduction in social contacts and high-risk 

transmission settings (including indoor gatherings without face masks). This analysis does not 

capture the effects of additional public health measures (e.g., mask mandates and school 

closures) or behavioral changes prior to the public health orders. This approach to 

understanding effects of nonpharmaceutical interventions does not capture spillover effects 

from geographically and socially connected counties, which could expand or distort the 

influence of local public health orders.33 However, epidemiological models fit to cases, deaths, 

and mobility data similar to those used here have demonstrated that time-varying transmission 

rates can be captured accurately using mobility data.34 

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

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

sustained larger outbreaks because the rate of new infections is directly proportional to the 

number of susceptible people. Higher air pollution was also associated with more cases and 

deaths, potentially due to more rapid spread in more urbanized counties and/or to worse 

outcomes in communities with higher rates of health conditions linked to air pollution 

exposure.9 However, contrary to our expectation, we found that the prevalence of 

comorbidities that are known to worsen individual outcomes for patients with COVID-19 (e.g., 

obesity and asthma) were not significant predictors of deaths or were unexpectedly negatively 

associated with early cases and deaths (e.g., coronary heart disease), potentially because they 

are confounded with factors like income and race. Counties with a larger share of residents who 

were Black or living below the poverty line experienced more cases and/or deaths, a pattern 

that may reflect disparities and systemic injustices connected to racism in healthcare, housing, 

and occupation in Georgia and across the United States.6,8,21,35 These covariates may also 

indicate counties that have larger populations of workers who are unable to work from home 

and lack sufficient workplace protections.12,36,37 Counties with lower median household income 

had higher mobility, potentially supporting this hypothesis (Supplement: Table S5, Fig. 5). While 

the proportion of the population identifying as either Hispanic or Latino, Asian, or American 

Indian and Alaska Native was not a significant predictor of cases, deaths, or mobility at the 

population level, more data and detailed studies are necessary to understand the impacts of 

discrimination and injustice across different ethnic and racial groups (Supplement: File S1). 

Identifying the mechanisms and relative importance of these potential drivers of disparate 

outcomes is critical for addressing the disproportionate impact of COVID-19 on marginalized 

communities. Notably, almost all counties with especially high outlying values for per capita 
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deaths at the beginning of the epidemic had median household incomes below and Black 

population shares above the statewide averages (Fig. 3). 

Georgia’s statewide response was relatively delayed compared to most U.S. states and 

supplemented with more restrictive local responses, which allowed us to compare the effects 

of various public health orders across counties. However, we found support for the hypothesis 

that the relationship between nonpharmaceutical interventions and early epidemiological 

outcomes was bidirectional, a trend that has also been observed in counties that mandated 

wearing face coverings later in the epidemic.20 Counties with earlier detection of cases and 

larger populations (predictive of larger outbreaks) tended to pass local orders before the 

statewide order (Supplement: Table S1, Fig. 3), and these orders led to reduced mobility, a 

predictor of fewer cases (Supplement: Table S2, Supplement: Table S6, Fig. 4, Fig. 6). At the 

county level, having a higher proportion of Black or elderly residents was predictive of both 

lower mobility and more cases, suggesting self-protective behavior in vulnerable groups and a 

tendency early in the pandemic to detect more severe cases in populations with higher rates of 

health comorbidities (Supplement: Table S5, Supplement: Table S6, Fig. 5, Fig. 6). Separating 

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

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

nonpharmaceutical intervention orders. 

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

could be compared to states like California, which had an early statewide shelter-in-place order. 

Focusing this analysis within a single state at the beginning of the pandemic allows us to 

quantify initial spread and to assess the efficacy of interventions related to reducing contacts, in 

addition to understanding risk factors for large outbreaks at a time when treatments and 

control measures were especially limited. However, testing limitations and lack of early 

knowledge about the virus may have contributed to substantial underreporting of cases, 

especially in rural counties lacking public health infrastructure. As statewide orders were lifted, 

county governments in Georgia and across the country became increasingly responsible for 

containing local outbreaks.38–40 Local governments will therefore need to understand the 

impact of these orders and identify county-level features that may affect outbreak risk and 

nonpharmaceutical intervention implementation to respond to this ongoing pandemic and 

other emerging infectious diseases.  

Infectious disease outbreaks are intimately dependent on the societal settings in which they 

occur, and COVID-19 is no exception. Demographics, health, economic resources, and social 

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

and responses to disease outbreaks. Here, we showed that while social distancing orders did 

reduce mobility (Supplement: Table S2, Fig. 4), and reduced mobility in turn reduced COVID-19 

cases in most counties (Supplement: Table S6, Fig. 6), the efficacy of these nonpharmaceutical 

interventions was mediated by the will of municipal and state governments to impose, and 

ability of community members to observe, public health orders. Specifically, counties with 
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earlier epidemics, larger populations, and greater shares of Democratic voters were more likely 

to introduce social distancing or shelter-in-place orders (Supplement: Table S1, Fig. 3), while 

mobility was lowest in counties with older residents, higher income, and larger Black 

populations (Supplement: Table S5, Fig. 5). While changing mobility almost certainly affected 

COVID-19 transmission, this was one of many factors associated with epidemiological outcomes 

(Supplement: Table S6, Fig. 6). Because these factors are interconnected through both causal 

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

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

work illustrates the imperative need to consider interconnected policy, behavioral responses, 

socioeconomic, and demographic conditions in designing and evaluating policy to combat 

emerging epidemics. 

Data Accessibility 

Data and code are available on Github at https://github.com/mjharris95/GA-COVID 
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Figures 

 

Figure 1: Variation among Georgia counties in 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 identifies as 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), which were excluded from 

regressions in sensitivity analyses. (H) is a histogram that shows the distribution of COVID-19 

deaths per capita across Georgia, shaded according to the thresholds for per capita deaths. 
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Figure 2: Drivers of COVID-19 epidemiological outcomes—behavior, policy, health, and 

socioeconomic covariates—are interconnected. Colored arrows correspond with the four-part 

analyses described here: (1) blue: health and socioeconomic predictors of county-level social 

distancing or shelter-in-place orders preceding the statewide order (logistic regression), (2) 

green: effect of social distancing and shelter-in-place policies on mobility as a proxy for 

behavior (event study), (3) orange: health and socioeconomic predictors of mobility in the final 

week of April as a proxy for behavior (Gaussian linear regression), (4) red: socioeconomic, 

health, and mobility predictors of early COVID-19 cases and deaths (negative binomial 

regression). The color scheme assigned to arrows 1-4 are maintained in the plots pertaining to 

each of the four components of this study (Fig. 3, Fig. 4, Fig 5., Fig. 6).  
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Figure 3: Counties with larger populations were more likely to enact local social distancing 

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

between predictors and relative likelihood of a local nonpharmaceutical intervention order, 

with the 95% confidence interval is indicated as a shaded band. The points indicate the 

marginal relationship at the county level between predictors and relative logit-transformed 

likelihood of a local nonpharmaceutical intervention, after adjusting for all other predictors 

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

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

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

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

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

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

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

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

per thousand people, respectively).  
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Figure 4: Social distancing orders gradually reduced mobility by up to 19%, while shelter-in-

place orders had only a short-term marginal effect for days 2-4. The coefficients of the event 

studies for social distancing policies (left) and shelter-in-place orders (right) are given as 

squares across the ten days preceding and following the introduction of the policy, with the day 

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

coefficients is indicated by the number of white dots within each square (X: P<0.05; XX: P <0.01, 

XXX: P <0.001). The green circles indicate the marginal effect of policy on mobility by date in 

each county, after adjusting for county and date fixed effects. 
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Figure 5: Higher age, median household income, and Black proportion of population all 

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

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

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

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

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

selected in the best fit model. All predictors selected in the best fit model are displayed: age-

weighted infection fatality rates (Age), median household income (Income), and percent of the 

population that is Black (Race). Open circles indicate counties with less than one death per 

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

per capita deaths (thresholds of one or two deaths per thousand people, respectively).  
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Figure 6: Larger population size, higher pollution, and higher poverty rates corresponded to 

more COVID-19 cases at the county level. Larger population size, higher pollution, and earlier 

first case reported corresponded to more COVID-19 deaths at the county level. Partial residual 
plots with lines giving the estimated multiplicative relationship between predictors and COVID-
19 cases and deaths, with the 95% confidence interval is indicated as a shaded band. The points 
indicate the marginal multiplicative relationship at the county level between predictors and 
COVID-19 cases (top) or deaths (bottom), after adjusting for all other predictors selected in the 
best fit model. The top row shows the three most significant predictors of early COVID-19 
cases: logged population size (Population), annual average ambient PM2.5 concentration 
(Pollution), and percentage of population living below poverty line (Poverty). The bottom row 
shows the three most significant predictors of early COVID-19 deaths: logged population size 
(Population), annual average ambient PM2.5 concentration (Pollution), and date first case in 
county was detected (First Case). Open circles indicate counties with less than one death per 
thousand people, while light and dark shaded circles indicate counties with outlying values for 
per capita deaths (thresholds of one or two deaths per thousand people, respectively).  
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