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Abstract

Centuries of practice and an array of public health

literature support social distancing (SD), or self‐
quarantine, as a valuable nonpharmaceutical in-

tervention. To convince individuals to engage in

behaviors that limit infection, public health profes-

sionals communicate risk and hazard based on

application of protection motivation theory (PMT).

The COVID‐19 pandemic presents an opportunity to

explore the efficacy of PMT in the context of a novel

coronavirus with unique public health implications.

We test an integrative conceptual model of social

distancing compliance in U.S. counties and ex-

amine the mediating impact of SD on community

spread of infection. We find that PMT does impact

individual behavior, observing that the proportion

of vulnerable populations affects social distancing

compliance. However, actions to protect individual

health are made within the context of economic

concerns and priorities. While results indicate that

PMT influences behavior, the expected relationship

between that behavior and spread of disease in the

community is not found.We do not repudiate SD or

the value of PMT, but we suggest that these results

may indicate that communication of risk in the

context of COVID‐19 may need community, as well

as individual, framing.
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INTRODUCTION

A significant role of public health professionals during a national health emergency is

to communicate risk and motivate compliance with behaviors that will reduce health

hazards. In the COVID‐19 pandemic, public health officials have uniformly advocated

for social distancing (SD) as the first line of defense against the novel coronavirus. The

practical value of SD as a low‐cost intervention to reduce the spread of infectious

disease is clear in literature from public health and epidemiology. Evaluation of public

health readiness in the face of the 2009 H1N1 flu (Baum et al., 2009), SARS (Cava

et al., 2005), and Ebola (Desclaux et al., 2017) confirmed the efficacy of SD to reduce

spread of disease. However, there are limits to the application of the previous re-

search on SD. First, none of these prior pandemic threats was a nationally widespread

infectious event in the United States. Second, transmission of COVID‐19 has not fol-

lowed the same patterns as H1N1 flu, SARS, or Ebola (Gensini et al., 2004). Third,

infectious disease research on the efficacy of quarantine generally relates to the

biological attributes associated with infection. While a logical extension, SD applied at

the community level may be efficacious for reduced spread of infection only within

certain parameters. Finally, a unique element of COVID‐19 is that its impact on sub-

populations is not uniform. Some subgroups have a low probability of serious harm

(WHO, 2020). Thus, the willingness of the community to adopt SD based on the

perception of risk may vary significantly by demographic characteristics.

This study examines issues of social distancing compliance at the community level

of analysis. We examine the impact of demographic variables on compliance with

community SD protocols while also accounting for economic variables that provide

countervailing motivation for social distancing compliance. We then look at whether

community social distancing compliance acts as the expected mediator in predicting

subsequent changes in community spread of infection. Our findings have implications

for how the unique characteristics of this novel coronavirus may impact the com-

munity's self‐protection behaviors and perception of risk.

The importance of SD in limiting spread of infectious disease

Research in infectious disease control stipulates that nonpharmaceutical interventions

can be effective in reducing rates of transmission (Bell et al., 2006; Jefferson

et al., 2011). The World Health Organization (WHO, 2020) and the U.S. Centers for

Disease Control and Prevention (CDC, 2020a) have recommended a series of non-

pharmaceutical interventions, such as hand washing, SD (self‐quarantine), and mask

wearing, as strategies for reducing the biological spread of COVID‐19. There is sub-

stantial evidence from a variety of research streams to suggest that human behaviors

can reduce transmission of disease. Quarantine is a remedy that reduces disease

transmission by limiting the opportunity for pathogens to transfer from one host to

another (Gensini et al., 2004). Mathematical modeling (Ferguson et al., 2020;

Greenstone & Nigam, 2020), where assumptions regarding communicability and

dispersion of pathogens contribute to the conclusions, promote the value of SD and

self‐quarantine as a powerful nonpharmaceutical intervention. Despite the demon-

strable benefit of SD to public health, SD implementation is not uniform (Abouk &

Heydari, 2020; Sundwall, 2019). This suggests that SD has elements of both individual

and communal response. While individual quarantine may be highly effective as a

personal protection strategy, extent of community compliance impacts efficacy of SD

as a public health intervention.
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Elements that enhance and hinder social distancing compliance

Research on the psychology of health behaviors has long examined what motivates

people to adopt changes in behavior in response to perceived threats to health.

Rogers (1975) is credited with articulating protection motivation theory (PMT). PMT

has been used in a variety of studies to examine and explain individual behavior.

Generally, findings have shown that the perceived threat associated with a health

condition is associated with vulnerability to the condition, potential severity of the

condition, and fear of the condition (Rippetoe & Rogers, 1987). Self‐efficacy and re-

sponse efficacy, the perception that individuals have the ability to protect themselves

and the belief that recommended health actions will work (Maddux & Rogers, 1983),

are related to an individual's willingness to adopt recommended health behaviors.

More recently, Williams et al. (2015) looked at the relationship between PMT and SD

and found, in a simulated study, that PMT variables (vulnerability, fear, response efficacy,

and self‐efficacy) were associated with individual intention to engage in SD. Other research

also identified these variables as predicting behavioral responses to respiratory infectious

diseases (e.g., Teasdale et al., 2012, 2014). However, both Williams et al. (2015) and

Teasdale et al. (2012) found a gap between individual intention to social distance and

changed behavior. Both researchers concluded that, regardless of intent, SD or self‐
quarantine may be difficult for individuals to implement.

Baum et al. (2009) conducted focus groups with citizens during the H1N1 flu epidemic

to characterize public perceptions about SD measures likely to be implemented during a

pandemic. They found that, while focus group members generally understood the need to

engage in SD, their health concerns were outweighed by concerns regarding the potential

economic hazard of such measures. “Immediate economic needs, job security, the need

for essential goods and services, and long‐term effects on the economy from extended

business or school closure or quarantine were among concerns addressed” (Baum

et al., 2009, p. 6). Bhattacharyya and Reluga (2019) modeled social distancing compliance

and found that individual compliance was dependent on the perceived costs of the com-

pliance behavior. Greater transmissibility of the disease tended to increase the individual's

perceived cost, thus the authors concluded that themore infectious the disease, the greater

the cost and the more likely SD would be effective at reducing community spread, parti-

cularly early in the pandemic.

Singh et al. (2019) combined demographic and survey data to do extensive mod-

eling of self‐protective behaviors, including SD, in conjunction with influenza. The

research examined demographic characteristics in U.S. urban and rural counties. In

addition to finding differences based on population size, which was reflective of the

urban and rural distinction, the researchers found that both age and income affected

the probability of individual compliance with SD and the willingness to accept vac-

cination. Younger and lower income subjects were less likely to comply with self‐
quarantine and engage in self‐protective behaviors. This finding would be consistent

with PMT. We could also expect that older populations and higher income populations

might perceive greater vulnerability, fear, and costs, as well as have greater response

efficacy and self‐efficacy regarding the importance of their personal actions.

An integrative predictive model of community social distancing
compliance

This study draws on earlier findings to create and test an integrative model

of predictors of community social distancing compliance. From health behavioral
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psychology, we use PMT and posit that demographic factors related to increased

vulnerability to COVID‐19 will tend to predict greater social distancing compliance

in the community. Knittel and Ozaltun (2020) report the results of a compre-

hensive analysis of U.S. demographic data by county and identify age,

African American race, share of nonworking people, and household income as sig-

nificant predictors of vulnerability to death from COVID‐19. We would

expect that areas of the country with higher proportions of these characteristics

would have higher levels of social distancing compliance. In addition, we

identify educational attainment and internet access as proxies for increased self‐
efficacy and response efficacy. Areas with a greater share of educated people and

people with access to information are more likely to have greater confidence in their

ability to implement SD and to better understand SD's impact and potential value.

Drawing on research using mathematical modeling, we suggest that economic

costs of SD would also impact social distancing compliance. Areas with higher levels

of unemployment, low‐wage workers, and essential employees would be less likely to

adopt SD or might be prohibited from it by government order.

Finally, from recent research on SD associated with COVID‐19, we include

governmental context as having a potential impact on perception of individual

hazard and thus social distancing compliance. Prior research has identified par-

tisanship (Painter & Qiu, 2020) as influential in adopting health‐related behaviors

associated with COVID‐19. In addition, the length of time under government‐
issued SD orders may both reduce citizen response efficacy and increase eco-

nomic costs, thus reducing social distancing compliance. We further posit that

governments, like individuals, weigh the potential economic costs of mandating

social distancing compliance (Béland et al., 2020). States that are heavily reliant

on sales tax as a form of revenue would be less likely to encourage citizen

compliance with SD.

Consistent with public health literature, our model posits that social distancing

compliance reduces the spread of infection (Wilder‐Smith & Freedman, 2020).

Although public health literature examining predictors of SD is usually distinct from

literature that models a relationship between SD and infectious spread, our integrative

model seeks to test the logical link between these two streams. A graphic depiction of

our research model can be found in Figure 1.

F IGURE 1 The conceptual path analysis
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METHOD

Data and measurements

To test our conceptual model, we integrated data from eight sources: (1)

USAFacts (2020) provided data on COVID‐19 cases and deaths; (2) Unacast pro-

vided SD data, specifically reduction on average daily distance traveled relative to

the previous year; (3) American Community Survey (ACS) provided 5‐year esti-

mates for demographic and socioeconomic attributes; (4) the Bureau of Labor

Statistics was the source for the share of workers in essential industries; (5) the

Department of Labor provided statewide unemployment rates; (6) NBC News and

New York Times (Mervosh et al., 2020) were the sources for the dates that state

stay‐at‐home orders were issued and lifted; (7) MIT Election Data and Science Lab

(2019) was the source for presidential voting results, and (8) the U.S. Census

Bureau supplied each state's dependence on sales tax revenue. Table 1 describes

the 11 predictor variables used to represent the three concepts in our integrative

model—protection motivation, economic motivation, and government context—

and how they were measured. Except where noted, all data are at the county level,

which is the most granular level for which data are widely available and relevantly

current. Stay‐at‐home orders were largely issued at the state level. State budget

reliance on consumer spending was also at that level of aggregation. Un-

employment data reflecting the rapidly changing economic environment was only

available at the state level at the time of this study.

Mediator variable: Measuring social distancing compliance

SD is not a new concept. Restricting the movement of people, or quarantining,

has been used throughout history to limit the spread of disease (Wilder‐Smith &

Freedman, 2020). However, modern technology is providing novel ways of ob-

serving and monitoring how well people adhere to recommendations regarding

limiting movement and physical contacts. For this analysis, we chose to use SD

data found in ESRI (2020), COVID‐19 GIS Hub, which was provided by the data

analytics firm Unacast. Unacast, which maps human mobility through cell phone

location tracking to provide insights for retail, hospitality, tourism, and other

businesses, developed a COVID‐19 SD Scorecard, allowing government agencies

and health‐care organizations to understand how residents were responding to

interventions designed to slow the spread of COVID‐19 (Unacast Updates Social

Distancing Scoreboard‐Unacast, 2020). Unacast collects location data from a

variety of third‐party sources, including software development kits it places in

apps (Morrison, 2020). The technology potentially raises troubling questions

about personal privacy, but it may provide the most reliable snapshot of the

behavior choices of cell phone users in counties throughout the United States.1

For this analysis, we used only one element of Unacast's Scorecard as our vari-

able of interest: Social Distancing Compliance—measured as the change on

average distance traveled by aggregated cell phone users in each county, com-

pared to baseline county activity for the same day of the week in the same time

period before COVID‐19. The data was scaled such that higher numbers represent

greater social distancing compliance.
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Dependent variable: Change in cases

USAFacts (2020) provides a daily update of the confirmed COVID‐19 cases and the

number of deaths since the detection of the novel coronavirus SARS‐CoV‐2 in the

United States. The collection date for much of our data used in this study was April 24,

2020 through May 29, 2020. This period was selected as representative of the time

when most of the U.S. was under “stay‐at‐home” restrictions of some kind.2 Public

health communication emphasized protection motivation and self‐quarantine. Social
distancing compliance data was collected as of April 24, 2020. Given that the in-

cubation period between exposure to the virus and onset of illness is roughly two

weeks (Lauer et al., 2020) and due to widespread accounts of testing challenges and

delays in reporting results, we used the weekly change in confirmed cases from May

22 to 29 as our dependent variable.3 To account for population differences, our

Change in Cases variable was calculated as the change in cases per every 1000 county

residents for the identified period.

Predictor variables: Protection motivation

Demographic and socioeconomic characteristics for 3048 U.S. counties were gathered

from the 2018 ACS 5‐year estimate, the most recent for which county‐level data are

available. As noted earlier, PMT posits that individuals are most likely to alter beha-

viors to protect themselves from a health threat based on their perceived vulnerability

to the disease, the potential severity of the condition, and their fear of contracting the

illness (Rippetoe & Rogers, 1987). As such, five variables were used to represent our

conceptualized Protection Motivation, three reflecting the potential fear, vulnerability,

and severity of disease, and two proxying self‐efficacy and response efficacy.

Specifically:

Deaths, measured as the total number of deaths per 1000 county population as of

April 24, 2020. Lethality and proximity of the disease are expected to encourage

more SD.

Older Population, measured as the ratio of county population that is age 60 or older

to the population under 60. Most deaths from COVID‐19 have been among older

people so counties with a higher portion of older residents are expected to have

more residents motivated to social distance.

Non‐White Population, measured as the share of county population that is Non‐
White or Hispanic. Data suggests that African‐Americans and Hispanics contract

and die from COVID‐19 in disproportionate numbers so counties that are more

diverse are likely to have more residents who are motivated to social distance to

protect themselves.

High Educational Attainment, measured as the share of county population age 25

and older that has at least a bachelor's degree. This is one of two proxy measures

for efficacy, residents’ knowledge of effective protection measures, such as SD,

and belief that they can alter their behaviors.

Internet Subscribers, measured as the share of households that subscribe to the

internet. A higher share of residents with access to information regarding ef-

fective protection measures such as SD serves as another proxy for the self‐
efficacy and response efficacy associated with increased compliance.
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Predictor variables: Economic motivation

Mathematical modeling indicates that individuals’ compliance with public health re-

commendations are also affected by economic conditions and concerns. Therefore,

we posit that counties experiencing greater economic motivations and strains will see

lower social distancing compliance. For this study, three variables represent our

Economic Motivation concept:

Lower Income, measured as the share of county households earning less than

$60,000 annually, which was roughly the national average in 2019 (US Census

Bureau, 2020). Guided by Singh et al. (2019), counties with a greater share of

lower income households are expected to see less social distancing compliance.

Lower income workers may be less likely to be able to work from home. However,

low‐wage households may be more likely to be headed by workers idled due to

retail, personal care, restaurant and hospitality, and other service business clo-

sures. Under those circumstances, travel for work purposes would be reduced.

Essential Workers, measured as the percentage of county employment in 23 in-

dustries and sectors requiring workers to remain on the job performing important

goods‐producing or service activities (see Appendix A for a complete list.) Our

cluster of industries and sectors does not encompass all industries allowed to

continue operating under states’ varying “essential” designations. Instead, the

cluster attempts to capture a comparable share of workers whose jobs providing

health services, making protective equipment and materials, or providing food

and necessities prevent them from staying at home. A larger share of such em-

ployment is expected to reduce SD.

Unemployment, measured as the state‐insured unemployment rates for each state

for the week ending April 25, 2020. Available county‐level employment rates

significantly lag the economic downturn brought on by the COVID‐19 pandemic.

Therefore, we chose to use this more relevant but less granular state‐level
measure to represent the varying economic conditions of counties. Unemployed

workers certainly would be expected to feel the economic costs of disease miti-

gation efforts, but, with their need to travel for employment reduced, they may be

more likely to comply with SD.

Predictor variables: Government context

Recent research indicates that responses to the pandemic have been shaped by po-

litical views. We also can assume that governments, like individuals, may weigh the

economic costs of social distancing compliance. We use three variables to represent

our conceptualized Government Context:

Stay‐at‐Home Order, measured as the number of days spent under an official state

order restricting residents’ movements as of April 24, 2020.4 Abouk and Heydari

(2020) found that government mandates, not simply recommendations, in-

creased social distancing compliance. However, we expect that longer durations

of such orders may increase economic costs, thus reducing social distancing

compliance.

Sales Tax, measured as the share of each county's home state budget for 2019

accounted for by sales taxes. States that rely more heavily on sales taxes and
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gross receipts for revenue may be less likely to send a strong message of SD

(which would reduce local spending) and thus inhibit compliance.

Republican Dominance, measured as the ratio of county votes cast for the Re-

publican candidate to votes cast for the Democratic candidate in the 2016 pre-

sidential election. Andersen (2020) and Kushner Gadarian et al. (2020) found

partisanship to influence SD decisions. Therefore, we expect lower levels of so-

cial distancing compliance the greater the dominance of Republican votes.

Methodology

We examined path analysis models to investigate how protection motivation, eco-

nomic motivation, and government context indicators affected social distancing

compliance and, ultimately, the change in county case counts. Path analysis uses

ordinary least squares and maximum likelihood methods to predict path coefficients.

Our primary focus in this study was predictors of social distancing compliance and

SD's role as mediator between the independent variables and the dependent variable,

change in COVID‐19 cases.

Guided by Singh et al. (2019), who found distinct differences between urban and

rural county characteristics and responses, we divided our counties into two

categories—urbanized and nonurbanized—and conducted separate path analyses. We

defined urbanized counties as those where all or any part is included in a metropolitan

statistical area; all else were categorized as nonurbanized.

RESULTS

Analysis of means and correlation

Table 2 presents the means, SDs, and correlations of our variables for the two dif-

ferent groupings—urbanized and nonurbanized—of U.S. counties. The table indicates

that the two groups vary substantially both in their makeup and their COVID‐19 risk.

For example, the weekly change in case counts for the 949 urbanized counties is

substantially greater than for the 2099 nonurbanized counties; mean death counts

were more than double in the urbanized counties (0.09 per 1000 residents compared

to 0.04 in nonurbanized counties). Demographically urbanized counties are younger,

more diverse, better educated, more highly paid, less Republican‐leaning, and more

digitally connected, suggesting greater self‐efficacy in response to the risk. Additional

risk factors were also present in urbanized counties. A higher share of workers in

urbanized counties were employed in our bundle of “essential” industries and sectors

(14.7% vs. 10.7% in nonurbanized counties). Although three variables were measured

at the state level, there was at least a percentage point difference between the urba-

nized and nonurbanized counties for unemployment (13.8%–12.2%) and for the por-

tion of the state budget funded by sales tax (49.7%–50.7%). Taken together, these

variables indicated a potentially reduced response efficacy in urbanized areas. Finally,

residents in urbanized counties spent more than four days longer under stay‐at‐home

orders, compared to residents in nonurbanized counties (25.2 and 20.9, respectively).

Differences between the two county groupings can also be seen in the correlations

between variables. Social Distancing Compliance is significantly positively correlated

with the Change in Cases and Deaths measures in urbanized counties but not in

nonurbanized ones. The variables most highly correlated with Social Distancing
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Compliance—High Educational Attainment and Internet Subscribers—were the same

for both groups, but the correlations were substantially stronger in the urbanized

counties (r = 0.68 and 0.51, respectively) compared to the nonurbanized counties

(r = 0.27 and 0.20). Among the urbanized counties, Non‐White Population (r = 0.20),

Stay at Home (r = 0.19), and Republican Dominance (r = 0.10), were also positively and

significantly correlated with Social Distancing Compliance, and Older Population

(r = −0.14), Lower Income (r = −0.45), and Sales Tax (r = −0.14) were inversely statisti-

cally correlated with higher social distancing compliance. Among the nonurbanized

counties, Unemployment (r = 0.08) and Stay at Home (r = 0.08), were also positively

statistically correlated with Social Distancing Compliance, and Sales Tax (r = −0.15),
Non‐White Population (r = −0.05), and Lower Income (r = −0.13) were negatively sta-

tistically correlated with improved social distancing compliance.

Among the most highly correlated variables with subsequent Change in Cases is

Deaths measured at the end of April, both among urbanized and nonurbanized

counties. Change in Cases represents the change in weekly total number of cases per

1000 residents from May 22 to 29. Deaths is the total number of deaths per 1000

residents as of April 24. The correlation here suggests that counties with higher

deaths in late April continued to be places of higher risk and higher case counts weeks

later. Non‐White Population and Essential Workers were also both positively asso-

ciated with Change in Cases for both county groups. Older Population was inversely

statistically correlated with Change in Cases for both county groups. The inverse

correlation may seem surprising, given the considerable reporting on how the elderly

are particularly vulnerable to COVID‐19. People age 60 and over make up more than

80% of deaths and a disproportionate share of hospitalizations, but they make up less

than half of all cases (CDC, 2020b).

Impact of predictor variables on social distancing compliance mediator

Table 3 provides the standardized regression weights for our path analyses. The re-

gression weights represent the relationships between the predictors and mediator

variable (Social Distancing Compliance) and the predictors and dependent variable

(Change in Cases), as well as the relationship between mediator and dependent

variables. The standardized regression weights are presented for urbanized and

nonurbanized counties.

As described above, urbanized counties generally were more likely to be at higher

risk to be impacted by COVID‐19 during the time of the study. The standardized re-

gression weights indicate that the predictor variables associated with Protection

Motivation were strongly related to Social Distancing Compliance in urbanized

counties. All predictor variables were statistically significant in the expected direction:

Deaths (0.14**), Non‐White Population (0.09**), Older Population (0.08**), High

Educational Attainment (0.68**), and Internet Subscribers (0.13**). The standardized

regression weights for nonurbanized counties showed a different pattern. Of the

predictors associated with Protection Motivation, only High Educational Attainment

(0.27**) was statistically associated with Social Distancing Compliance. This could be

interpreted to mean that education increases self‐efficacy, the belief that engaging in

the required behavior will result in a good outcome.

In the conceptual model, Economic Motivation was identified as having mixed

effects on Social Distancing Compliance. The results of the model for urbanized

counties showed that the only predictor that was statistically significantly related to

Social Distancing Compliance was the proportion of Lower Income households
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(0.11**). This predictor was positively related to the mediator. Urbanized counties

with a higher proportion of Lower Income households had greater Social Distancing

Compliance. This could be because, at the time of data collection (April 24, 2020),

many businesses were closed, thereby reducing the daily travel needs of workers,

particularly those in low‐wage jobs in the retail, restaurant, and personal care

industries.

As with urbanized counties, nonurbanized counties also showed a statistically

significant positive relationship between the proportion of Lower Income households

(0.09**) and Social Distancing Compliance. In addition, there was a statistically sig-

nificant positive relationship between the state level of Unemployment (0.09**) and

TABLE 3 Standardized regression weights

Parameter

Urbanized counties Nonurbanized counties

Model 1:

May 1–8

Model 2:

May 22–29

Model 1:

May 1–8

Model 2:

May 22–29

Social distancing ← DEATHS 0.14** 0.14** −0.01 −0.01

Social distancing ← NON‐WHITE 0.09** 0.09** −0.02 −0.02

Social distancing ← OLD POP 0.08** 0.08** −0.03 −0.03

Social distancing ← HIGH EDU 0.68** 0.68** 0.27** 0.27**

Social distancing ← USE INT 0.13** 0.13** 0.07 0.07

Social distancing ← ESSENTIAL …. …. −0.01 −0.01

Social distancing ← LESS60K 0.16** 0.16** 0.09** 0.09**

Social distancing ← UEMP 0.01 0.01 0.09** 0.09**

Social distancing ← REPUBLICAN 0.01 0.01 −0.01 −0.01

Social distancing ← STAY HOME 0.11** 0.11** 0.04 0.04

Social distancing ← S TAX 0.05* 0.05* −0.06* −0.06*

Dependent variable

Model 1:

May 1–8

Model 2:

May 22–29

Model 1:

May 1–8

Model 2:

May 22–29

Change in cases ← DEATHS 0.31** 0.20** 0.26** 0.18**

Change in cases ← NON‐WHITE 0.24** 0.31** 0.17** 0.21**

Change in cases ← OLD POP −0.12** −0.14** −0.18** −0.20**

Change in cases ← HIGH EDU …. 0.07 −0.04 −0.03

Change in cases ← USE INT −0.02 0.01 −0.01 −0.05

Change in cases ← ESSENTIAL 0.22** 0.21** 0.12** 0.15**

Change in cases ← LESS60K −0.23** −0.16** −0.09** −0.04

Change in cases ← UEMP −0.06* −0.05 0.04 0.05*

Change in cases ← REPUBLICAN 0.07** 0.05 0.05* 0.04*

Change in cases ← STAY HOME 0.05* 0.02 0.03 ….

Change in cases ← SD 0.18** 0.14** 0.01 0.02

*p < 0.05.

**p < 0.01.
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Social Distancing Compliance. This confirms our expectation that higher levels of

unemployment are associated with less travel.

In the conceptual model, we expected that Government Context would have an

impact on Social Distancing Compliance due to government influence on perceived

risk from COVID‐19. For urbanized counties, there was a positive and statistically

significant relationship for two of the three predictor variables. Contrary to previous

research, political preference had no statistical relationship to Social Distancing

Compliance. However, the length of Stay at Home (0.11**) orders was statistically and

positively associated with Social Distancing Compliance. In addition, greater reliance

on Sales Tax (0.05*) was statistically and positively associated with Social Distancing

Compliance in urbanized counties. Both results were inconsistent with expectations

based on earlier research findings.

As with urbanized counties, there was no relationship between political preference

and the mediator among nonurbanized counties. However, unlike urbanized counties,

there was also no statistically significant relationship between the length of the Stay at

Home order and the mediator among nonurbanized counties, but there was a statis-

tically significant inverse relationship with Sales Tax (−0.06*). Nonurbanized counties

in states with greater reliance on Sales Tax as a revenue source had lower levels of

Social Distancing Compliance.

Path analysis: Predictor and mediator impact on subsequent changes
in cases

Though research predicting social distancing compliance and research showing the

relationship between SD and infection spread represent separate streams, in our

study, we join those streams and examine the mediation of Social Distancing Com-

pliance on Change in Cases in a subsequent time period.

Direct effects on change in cases

The test for mediation is a robust test in that it must show significance after the impact

of the predictor variables on the dependent variable is accounted for. For both types of

counties, there were expected statistically significant relationships between protec-

tion motivation variables and the dependent variable, Changes in Cases, suggesting

that risk from COVID‐19 was rational and protection motivation was valid. For both

urbanized and nonurbanized counties, Deaths, Non‐White Population, and Essential

Workers variables were associated with increases in weekly COVID‐19 case counts.

For both urbanized and nonurbanized counties, the variable Older Population was

negatively associated with increased case count.

For urbanized counties, Lower Income was inversely associated with Change in

Cases, but there was no statistically significant relationship in nonurbanized counties.

Republican Dominance was statistically related to an increase in cases for non-

urbanized counties only. This suggests that political considerations may have influ-

enced the protection motivation messaging and changed the perception of risk for

individuals living in Republican‐dominated, nonurban areas.

Unemployment was not related to Change in Cases in the urbanized counties, but

in nonurbanized counties, the variable was positively associated with Change in

Cases. The length of Stay at Home orders was not statistically associated with Change

in Cases.
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Test of mediation

Public health research suggests that social distancing compliance would reduce

subsequent COVID‐19 case count. We examined this relationship in both urbanized

and nonurbanized counties during the period of the study. For nonurbanized counties,

there was no statistically significant relationship between Social Distancing Com-

pliance and Change in Cases. For urbanized counties, the results of the study showed

Social Distancing Compliance was associated with increases in Change in Cases. This

unexpected finding is contrary to existing medical research on the efficacy of isolation

in reducing disease spread.

Testing overall model fit

Table 4 shows the results of our path analyses, including the direct, indirect, and total

effects of the predictors and mediator on the dependent variable in the urbanized and

nonurbanized counties.5 As can be seen in Table 4, our model was robust for both

county groups, despite the distinct differences in results. Goodness‐of‐fit measures

were well within desirable thresholds of RMSEA of less than 0.08 and CFI, GFI, NNFI,

and AGFI of >0.90. Table 4 makes clear that our collection of predictor variables

representing our three constructs helps explain differences, in varying degree, in

social distancing compliance. The path analyses also show how predictor variables

impact changes in COVID‐19 case counts across both urbanized and nonurbanized

counties. Yet, the results call into question the mediating effect of SD. The indirect

effect shown in Table 4 is the indicator of mediation. Social Distancing Compliance as

mediator, evident in the indirect effects of the predictor variables, was small. Only in

well‐educated urbanized counties did Social Distancing Compliance substantially

mediate the predictor variable's effect on COVID‐19 case counts, but in the opposite

direction expected.

DISCUSSION AND CONCLUSIONS

To summarize, our study suggests the following important conclusions. First, there

were clear differences in social distancing compliance for the two types of counties.

There were different patterns of response in terms of protection motivation, economic

motivation, and government context. Second, an interesting, yet unexpected, finding

was that social distancing csocial distancing compliance was not associated with

reduced case count. In urban counties, where more COVID‐19 cases were reported at

the time of the study, the relationship was the opposite to what was expected. The

results of this test for the mediating impact of social distancing compliance has, we

believe, important implications for understanding the community response to the

COVID‐19 pandemic.

Medically, the benefit of quarantine to limit the spread of pathogens and reduce

cases is well‐supported in research and practice. However, while quarantine limits

cases and disease spread from a biological perspective, the term “social distance”

implies a collective or collaborative social response that may require a sociological or

social‐psychological perspective. This study set out to understand how community

characteristics and concerns impact compliance with SD recommendations and or-

ders and then test the logical conclusion that greater compliance with SD reduces

subsequent case count.
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Our findings showed that each component of the model did influence compliance

with SD orders and recommendations to some degree. However, even when data

showed an social distancing compliance response consistent with protection moti-

vation, the community social distancing compliance was not related to reduced

subsequent case count. As noted above, our SD measure is only significantly asso-

ciated with case counts among urbanized counties, and the relationship is positive,

suggesting greater SD was occurring at the same time as increased case counts. This

disconnect found by the model underscores a possible difference between the med-

ical approach to reducing disease and the public health approach to keeping com-

munities safe. Social distance implies a communal response, not just an

individual one.

Sundwall (2019) cited U.S. government research reporting that from an epide-

miological perspective, 90% compliance with nonpharmaceutical interventions was

the level needed to reduce spread of infection. The Unacast Scorecard defined a high

level of community compliance as a 70% or better reduction in travel compared to the

same period in 2019. Based on the reported data, very few U.S. counties approached

that level of compliance. Of the urbanized counties, none met the threshold of a high

level of compliance, as defined by Unacast. Among the nonurbanized counties, only

2.6% met that threshold. Across all counties, only 22% achieved an average 55%

reduction in distance traveled compared to 2019. Though SD did occur, it was not

widespread nor embraced. The possibility exists that stay‐at‐home orders adopted

across the United States were not stringent enough nor enforced enough to break

“transmission chains” of the disease. Chinese medical experts described lockdown

measures in Lombardy, Italy, for example, as not strict enough (Braithwaite &

Ruotolo, 2020). In fact, New York Times science and health reporter Donald G. McNeil

Jr. described U.S. stay‐at‐home restrictions as a “giant garden party” (McNeil

Jr., 2020).

In March and April, COVID‐19 was affecting urbanized and nonurbanized areas

quite differently, and this may explain differences in our findings for these two

groups. At the time of data collection for this analysis, the virus outbreak in the United

States was largely confined to major cities. PMT posits that people will comply with

nonpharmaceutical recommendations and mandates that serve to reduce threats to

their own health. Evidence from our study suggests that communities with vulnerable

populations did respond to public health recommendations to isolate themselves to

protect their health. However, fewer local death counts, combined with a comfortable

distance from the hard‐hit cities, may have reduced collective perception of risk in

nonurbanized counties. Threats to personal health are weighed against other risks to

well‐being. In counties where the virus was not impacting death rates or hospitali-

zations, residents may have weighed the evidence at hand and determined that the

economic impact from stay‐at‐home orders designed to slow the spread of the virus

provided greater risk to their well‐being than risk of infection. This study demonstrates

the public health messaging challenge of failing to account for context at the com-

munity level of analysis in this unique health‐care crisis.

In addition to differences in the community presence of COVID‐19, public health

messaging may have influenced the results. Generic public health messaging around

nonpharmaceutical interventions, whether stay‐at‐home orders or mask mandates,

may have influenced local community compliance. Residents were repeatedly told

that stay‐at‐home mandates were needed to “flatten the curve” and protect health

systems from being overwhelmed. This approach to public health messaging is in-

consistent with the traditional public health protection motivation approach. PMT

posits that individuals are moved to comply with public health measures based on
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their own personal health risks. PMT provides little guidance on compliance with

public health recommendations and benefits when the risks are not presented at the

individual level, but at the system or societal level.

In summary, differences between urban and nonurbanized counties highlight the

importance of tailoring community public health messaging to align with the realities

of place. Public health messaging built on health risks to the individual is insufficient

to motivate substantial numbers of the community to act for the benefit of systems

and society, especially when personal risks seem at odds. Reason (2000) observed

that traditional medicine assumes that people are free agents capable of choosing

between safe and unsafe modes of behavior. However, Reason's “Swiss Cheese

Model” argues that in complex systems there is a place for both individual and so-

cietal action. Reason (2000) believed that putting the greatest emphasis on individual

response to a crisis in a complex system was doomed to fail. Public health response to

COVID‐19 has relied on PMT to offset inadequate systemic responses to the pandemic.

Pandemic response has exposed deficiencies in the U.S. health care system in the

areas of testing, contact tracing, protections for health‐care workers, hospital capacity,

and crisis staffing. (Blumenthal et al., 2020; Sha et al., 2020; Slavitt, 2020). The pan-

demic has also underscored structural issues of health care access, racial inequities,

and rural deprivation (Blumenthal et al., 2020; Sha et al., 2020; Slavitt, 2020). As

Reason posited, individual community members’ compliance with SD recommenda-

tions was inadequate to overcome such broad systemic deficiencies, as evidenced by

the observed lack of reduction in case counts.

Kyne and Aldrich (2020) make a case for community as the unit in which personal

connections, government trust, and social capital are most likely to facilitate resilience

in the face of disaster. Adequate and equitable public health systems and social safety

nets, as described by Reason (2000), contribute to the government trust critical for

individual compliance in the face of public health crisis. The authors’ concrete method

for measuring the social capital influencing disaster recovery could be useful in

crafting policies that encourage better compliance and outcomes by broadening and

personalizing individual protection motivation to include the communities where

people live and work.

LIMITATIONS OF THE STUDY

As noted earlier, our SD measure, change on average daily distance traveled, may not

adequately capture SD.6 The data being collected by technology firms and shared

purportedly for the good of public health may be less useful than expected in helping

government agencies and health organizations anticipate and craft initiatives to stop

the spread of disease. Our findings are also limited by the challenge of accessing

relevant data at the speed and level necessary for understanding a rapidly unfolding

pandemic. There is frequently a significant delay in availability of county‐level data
from government sources; subcounty data, which presumably is even more helpful in

mapping disease outbreaks and responses, is reported even later, if at all. Timing may

be another reason for caution in interpreting findings. The date we used as a baseline

for SD, death counts, and stay‐at‐home durations (April 24) was dependent on data

available at the time we commenced this study; the time frame used for change in

case counts sought to capture the time between onset of disease and desire to seek

treatment and testing. However, these dates may not have aligned well with the actual

transmission timeline of the virus. During, and subsequent to, the case count time

period in May, stay‐at‐home orders were lifted, thus closing the window on additional
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evaluation of such SD mandates and providing residents less reason to continue to

comply.

Finally, the fragmented nature of the U.S. public health system means that there is

frequently a delay in reporting deaths and positive test results. It is not uncommon for

counties and states to report deaths and positive test results days or even weeks after

the fact. At the time of this study, states were also increasing the availability of testing,

which could have the effect of increasing case counts by capturing mild cases of the

disease that previously went unreported.

POLICY IMPLICATIONS

Despite these limitations, the research does offer useful insights for public health

officials and policymakers across all levels of government:

1. Protection motivation is potentially a powerful tool to influence individual behavior

in the face of a health hazard. In urban areas, there was support for the idea that

fear of infection is associated with acceptance of nonpharmaceutical interventions.

This insight may be useful to motivate citizens to adopt other nonpharmaceutical

interventions to reduce risk beyond self‐isolation, such as masks. If people believe

that they are at risk, they do seem willing to cooperate with nonpharmaceutical

interventions.

2. Though PMT is supported, there is also evidence to suggest that clearer commu-

nication of the nature of the threat is warranted. Unlike other pandemics, there is

substantial variance regarding the seriousness of the infection. COVID‐19 has been

shown to be a disease with wide differences in severity depending on age, ethni-

city, and comorbidity. Thus, for subgroups with low probability of having a severe

impact, individual protection motivation is lower.

3. Public health messaging at the time of this study greatly emphasized individual

protection. Protection motivation beyond the individual, more clearly articulating

the relationship between community threat and personal interest, is warranted.

Linkages between community impact and second‐order impact (i.e., jobs, eco-

nomic welfare, hospital capacity) on “nonthreatened” individuals is a more com-

plex but necessary public health message.

4. In addition to public health reliance on individual choice and behavior, greater

emphasis on building institutional capabilities and capacities for responding to a

pandemic crisis is needed. While the United States has been subject to threat of

pandemic from SARS, H1N1 flu, and Ebola, none of those events prompted in-

vestment in scaling up response capacity, particularly at the state and local levels.

5. Government bodies at all levels have an important role in providing consistent

information and messaging regarding facts about recognizing, avoiding, and

treating COVID‐19. Clear, reliable information is key to developing the appropriate

protection motivation. Confidence in nonpharmaceutical interventions will in-

crease the self‐efficacy and response efficacy needed for compliance with public

health initiatives. Boin et al. (2020) underscore the particular challenge a “creeping

crisis” like COVID‐19 presents to trust in public institutions and, thus, compliance

with their mandates and recommendations. A further compliance complication of

COVID‐19 is that, unlike other recent pandemics, subpopulations appear to have

very different risk profiles. This adds to confusion regarding threat assessment and

reduces across‐the‐board compliance with nonpharmaceutical interventions.
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6. Health agencies at all levels of government must find effective paths to commu-

nicate information about dangers and protection measures to vulnerable popula-

tions with the objective of increasing protection motivation. This may require

creativity. The elderly and non‐White communities are both likely to suffer dis-

proportionately from COVID‐19, but they are populations that may also have less

access to informational websites or even online grocery ordering. These popula-

tions may have been much more likely to rely on community institutions, such as

churches, local libraries, and senior centers, to gain vital information. However,

many of these institutions were closed under stay‐at‐home orders, cutting off an

important avenue of information. Research on social compliance (Duck et al., 2000)

suggests that the persuasive impact of messaging is enhanced when using icons

and organizations with whom the target audience is highly identified. Cuomo et al.

(2020) and Odiase et al. (2020) suggest the importance of harnessing the power of

local religious institutions and racial, ethnic, and cultural bonds in crisis response.

Public health officials and elected political leaders, in the United States and

countries around the world, have struggled to contain the spread and havoc of the

novel coronavirus. With no cure or widely available vaccine and few treatments of-

fering demonstrable effect, governments have relied heavily on nonpharmaceutical

interventions. Our research provides empirical support for PMT's value in motivating

individual responses to pandemic disease. Individuals will react to protect themselves

and those they care about. However, COVID‐19 shows the limitations of that approach.

Policymakers must be mindful that a crisis of the magnitude of COVID‐19 may require

response and message framing at more than one level of analysis. In addition, policy

initiatives to provide systemic response and reinforcement of health‐care infra-

structure will be necessary to bring the current crisis to a close and build capacity for

effective response to future threats.
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ENDNOTES
1Unacast, which was founded in Norway, purports to adhere to General Data Protection Regulation and

California Consumer Privacy Act guidelines for its Scorecard research for the entirety of the United States.

It describes its process as capturing data from millions of anonymized cell phones and their interactions

with others each day and extrapolating to the larger population level.

2We chose the time frame for our study purposefully. We gave careful consideration to the length of time

between exposure and onset of disease, as well as challenges regarding testing availability, accuracy, and

reporting. However, we were also loath to extend the study period beyond the end of May. By late May,

nearly all states had allowed stay‐at‐home orders to expire. There also was the added consideration of the

effects of summer's warm weather and outdoor activities on spread of the disease. This continues to be a

topic of debate, as colder weather across much of the United States during the winter months has been

considered a factor in increases in cases, hospitalizations, and deaths.

3In a prior version of this study, we explored using a study time frame closer to the generally accepted two‐
week incubation period. Specifically, we examined the change in confirmed COVID‐19 case counts from

May 1 to 8, as well as from May 22 to 29. The findings were relatively similar in terms of the statistical

significance of the variables and in their direction. Therefore, for this final version of the article, we opted to

include findings from only one time period, May 22 to 29, to avoid redundancy and unnecessary compli-

cation of the discussion, as well as for space considerations.

4For two states without official statewide mandates, we included locally enacted orders.
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5The total effect was calculated multiplying the path coefficient of independent variable “A” to mediator

“B” by the path coefficient of mediator “B” to dependent variable “C,” and then adding the path coefficient

from “A” to “C.” The total effect is indirect effect plus direct effect. The direct effect value is the path

coefficient from “A” to “B,” from “A” to “C,” or from “B” to “C.” The direct effect is a single measurement

between an independent, a mediator, and a dependent variable. The indirect effect value is calculated by

multiplying the path coefficients from “A” to “B” and from “B” to “C.” The indirect effect factors path

coefficients from an independent to a dependent variable via a mediator.

6At the time of our study, social distancing, along with good hand hygiene, were the primary non-

pharmaceutical interventions encouraged by public health officials. In a working paper, we use a model

similar to the one presented here in our test of PMT to explore the effects of mask wearing and mask

mandates on disease spread later in the summer.
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APPENDIX A: INDUSTRIES AND SECTORS MAKING UP “ESSENTIAL

WORKERS” VARIABLE*

NAICS code Industry or sector

11 Agriculture, forestry, fishing and hunting

221 Utilities

311 Food manufacturing

3222 Converted paper product manufacturing

3252 Resin, rubber, and artificial fibers manufacturing

3254 Pharmaceutical and medicine manufacturing

3256 Soap, cleaning compound, and toiletry manufacturing

3261 Plastics product manufacturing

33324 Industrial machinery manufacturing

3391 Medical equipment and supplies manufacturing

4241 Paper and paper product merchant wholesalers

4242 Druggists' goods merchant wholesalers

4244 Grocery and related product wholesalers

42345 Medical equipment merchant wholesalers

4245 Farm product raw material merchant wholesalers

4451 Grocery stores

44611 Pharmacies and drug stores

4471 Gasoline stations

452 General merchandise stores

4541 Electronic shopping and mail‐order houses

48‐49 Transportation and warehousing

562 Waste management and remediation services

62 Health care and social assistance

722513 Limited‐service restaurants

*Data was unavailable for NAICS 9221, Justice, Public Order and Safety.

Source: U.S. Bureau of Labor Statistics, Quarterly Census of Employment and Wages.
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