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Abstract

Objectives

To conduct a cross-sectional nationwide study examining how exclusion of nursing home

COVID-19 cases influences the association between county level social distancing behavior

and COVID-19 cases throughout the US during the early phase of the pandemic (February

2020-May 2020).

Methods

Using county-level COVID-19 data and social distancing metrics from tracked mobile

devices, we investigated the impact social distancing had on a county’s total COVID-19

cases (cases/100,000 people) between when the first COVID-19 case was confirmed in a

county and May 31st, 2020 when most statewide social distancing measures were lifted,

representing the pandemic’s exponential growth phase. We created a mixed-effects nega-

tive binomial model to assess how implementation of social distancing measures when they

were most stringent (March 2020-May 2020) influenced total COVID-19 cases while control-

ling for social distancing and COVID-19 related covariates in two scenarios: (1) when

COVID-19 nursing home cases are not excluded from total COVID-19 cases and (2) when

these cases are excluded. Model findings were compared to those from February 2020, a

baseline when social distancing measures were not in place.

Marginal effects at the means were generated to further isolate the influence of social dis-

tancing on COVID-19 from other factors and determine total COVID-19 cases during March

2020-May 2020 for the two scenarios.
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Results

Regardless of whether nursing home COVID-19 cases were excluded from total COVID-19

cases, a 1% increase in average % of mobile devices leaving home was significantly associ-

ated with a 5% increase in a county’s total COVID-19 cases between March 2020-May 2020

and about a 2.5% decrease in February 2020. When the influence of social distancing was

separated from other factors, the estimated total COVID-19 cases/100,000 people was

comparable throughout the range of social distancing values (25%-45% of mobile phone

devices leaving home between March 2020-May 2020) when nursing home COVID-19

cases were not excluded (25% of mobile phones leaving home: 163.84 cases/100,000 peo-

ple (95% CI: 121.81, 205.86), 45% of mobile phones leaving home: 432.79 cases/100,000

people (95% CI: 256.91, 608.66)) and when they were excluded (25% of mobile phones

leaving home: 149.58 cases/100,000 people (95% CI: 111.90, 187.26), 45% of mobile

phones leaving home: 405.38 cases/100,000 people (95% CI: 243.14, 567.62)).

Conclusions

Exclusion of nursing home COVID-19 cases from total COVID-19 case counts has little

impact when estimating the relationship between county-level social distancing and prevent-

ing COVID-19 cases with additional research needed to see whether this finding is also

observed for COVID-19 growth rates and mortality.

Introduction

During the first half of 2020, the COVID-19 pandemic rapidly emerged as a serious and ongo-

ing public health threat in the US [1,2]. Between March 1st and May 31st, 2020, the implemen-

tation of statewide social distancing measures such as sheltering in place/stay at home orders,

closing stores, forbidding large groups from gathering, and requiring a distance of six feet

between individuals played a critical role in reducing the number of COVID-19 cases [3–5].

Yet, despite the importance of social distancing in COVID-19 prevention, following these

measures proved difficult for the 1.3 million Americans who live in nursing homes [6,7].

Recognizing social distancing behavior can vary within a state even with statewide social

distancing measures in place, several nationwide US studies have assessed the impact of social

distancing on COVID-19 at the county level [8–12]. However, these studies do not separate

out nursing home COVID-19 cases from total COVID-19 cases in their analyses [8–12]. This

action may obscure the actual impact of county-level social distancing behavior in preventing

COVID-19 as the social distancing behavior of nursing home residents is atypical of the gen-

eral US population [8–12]. Thus, we sought to assess how the exclusion of nursing home

COVID-19 cases influences the relationship between county-level social distancing behavior

and COVID-19 cases throughout the US during the early phase of the pandemic when

COVID was spreading exponentially.

Methods

Data sources

Ethics. All study data is anonymized and publicly available online. Prior informed consent

and IRB approval have been obtained by the institutions (Johns Hopkins University,
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SafeGraph) and government agencies (Centers for Disease Control and Prevention, Centers

for Medicare & Medicaid Services) providing this data before data release [13,14,17,21]. As a

result, we are exempt from needing to seek further informed consent and IRB approval from

our respective institutions." [13,14,17,21].

Total COVID-19 confirmed cases. We retrieved COVID-19 confirmed case counts for

all 3,142 US counties from the Johns Hopkins University, Center for Systems Science and

Engineering Coronavirus Resource Center (https://systems.jhu.edu) [13]. Data on COVID-19

cases in this dataset come from the US Centers for Disease Control and Prevention (CDC) and

state health departments, making it one of the most comprehensive sources of information on

county-level confirmed COVID-19 cases available in the US [13]. For each county, we defined

total confirmed COVID-19 cases (cases/100,000 people) to be the cumulative number of con-

firmed COVID-19 cases starting from when the state a county is in had its first confirmed

COVID-19 case and up to May 31st, 2020 when the majority of statewide social distancing

measures were lifted [4]. A county’s total confirmed COVID-19 cases was calculated using the

following equation:

Total confirmed COVID � 19 cases ¼
county0s confimed COVID � 19 cases

county0s population
� 100; 000:

We chose to model COVID-19 cases rather than deaths because geographic differences in hos-

pital specific factors (i.e., number of ICU beds, average ventilator use) may have a larger

impact on COVID-19 mortality than social distancing behavior. In addition, we focused on

these specific first few months of the pandemic as a more expanded period would introduce

more factors which are hard to control for in the analysis such as changes in case reporting

protocols by states at different times and social distancing behavior (i.e., large gatherings,

indoor dining) varying widely from state to state that cannot be easily captured by existing

data once stay-at-home orders were lifted.

Nursing home COVID-19 cases. Information on nursing home COVID-19 cases within

the same time period was obtained from the Centers for Medicare and Medicaid Services

(CMS) (https://data.cms.gov/stories/s/COVID-19-Nursing-Home-Data/bkwz-xpvg/) [14]. For

every US county, we used ArcGIS Pro 2.5 to determine all nursing home COVID-19 cases in

facilities within a county’s geographic boundaries [15]. Nursing home COVID-19 cases were

subtracted from a county’s total confirmed COVID-19 cases in estimates that excluded nurs-

ing home COVID-19 cases.

Social distancing metrics. Social distancing in terms of stay-at-home orders/sheltering in

place was assessed through two metrics, average % of mobile devices leaving home between

March 2020-May 2020 and the average % of mobile devices leaving home in February 2020.

The average % of mobile devices leaving home between March 2020-May 2020 represents the

impact of social distancing on COVID-19 cases when social distancing measures in the US

were most stringent [3–5]. We use the average % of devices leaving home in February 2020 as

a baseline to compare with the average % of mobile devices leaving home between March

2020-May 2020 as February 2020 represents when COVID-19 began to quickly spread across

the US [16]. Information on these social distancing metrics was gathered from the SafeGraph

COVID-19 Consortium (https://www.safegraph.com/academics) which collects social distanc-

ing data through GPS tracking of mobile phone devices [17].

Covariates. We identified factors associated with social distancing and COVID-19 from

prior literature in these areas to include as study covariates [18–20]. Covariates included in

our study were days between when the first confirmed COVID-19 case was reported in a
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county and May 31st, 2020, population density, and social vulnerability. We identified the days

between when the first confirmed case was reported and May 31st, 2020 for each county from

Johns Hopkins University’s COVID-19 dataset [13]. The population density of a county (per-

sons per square mile) was calculated using data on population and county size from the United

States Census Bureau [21]. Information on social vulnerability for each county was based off

the CDC’s Social Vulnerability Index (https://www.atsdr.cdc.gov/placeandhealth/svi/index.

html) and consists of 15 social vulnerability metrics (% of population below poverty, unem-

ployment rate, per-capita income, % of population >25 years with no high school diploma, %

of population >65 years, % of population <17 years, % of civilian non-institutionalized popu-

lation with a disability, % of population that is a single parent household with children <18

years, % of population that is a minority, % of population >5 years who speak English “less

than well”, % of housing that is a structure with>10 units, % of housing that is a mobile home,

% of occupied housing units with more people than rooms, % of households with no vehicles,

% of population in institutionalized group quarters) [22].

Statistical analyses

Spatial autocorrelation testing and modelling. As spatial autocorrelation may be present

in the data, we used Moran’s I to test for this [23]. The Moran’s I value was 0.21 (p-value

<0.0001) for total confirmed COVID-19 cases but the Moran’s I of the regression errors sig-

nificantly decreased to 0.12 (p-value <0.0001) when the outcome was modelled using a

mixed-effects negative binomial regression showing spatial autocorrelation to be minimal

when handled in this manner [23]. Thus, we used mixed-effects negative binomial models to

examine the relationship between county-level social distancing behavior and a county’s total

confirmed COVID-19 cases because we are modeling a rate (cases/100,000 people) where we

expect to see a large amount of variability across different states and want to minimize spatial

autocorrelation.

The influence of county-level social distancing behavior on a county’s total confirmed

COVID-19 cases was modelled under two scenarios: (1) when nursing home COVID-19 cases

are not excluded from total confirmed COVID-19 cases and (2) when nursing home COVID-

19 cases are excluded. In the first scenario, total confirmed COVID-19 cases within a county

was set as the model outcome with social distancing metrics as the exposure and previously

mentioned covariates included for adjustment purposes. For the second scenario, model expo-

sure and covariates remained the same while the outcome was the number of confirmed

COVID-19 cases within a county when nursing home COVID-19 cases are subtracted from a

county’s total confirmed COVID-19 cases. Additionally, we included a random intercept by

state in the models to deal with correlation that could potentially arise from counties within

the same state having similar behavioral factors, healthcare systems, and COVID-19 response

and testing policies.

Model estimates for the two scenarios were generated for county level social distancing

between March 2020-May 2020 when stay-at-home orders were in place and as a comparison

for county level social distancing in February 2020 when stay-at-home orders were not imple-

mented. We reported incidence rate ratios (IRRs) from the mixed-effects negative binomial

models by exponentiating model coefficients. Moran’s I was conducted in ArcGIS Pro 2.5

using the Spatial Autocorrelation (Global Moran’s I) tool and modelling in Stata 17 with the

menbreg command (see S1 Appendix for further detail). Statistical significance during spatial

autocorrelation testing and mixed-effects negative binomial modelling were assessed using

two-sided tests at α = 0.05 [15,24].
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Marginal effects at the mean analysis. Using the results from our mixed-effects negative

binomial model, we determined how social distancing in isolation from other covariates influ-

ences the number of total confirmed COVID-19 cases up to May 31st, 2020 using marginal

effects at the mean for the two scenarios outlined above. Marginal effects at the mean are calcu-

lated by setting all values besides the variable of interest to the average value of that particular

covariate [25]. For instance, this means that for each county the variables for social distancing

retain their actual values while for all counties the variables for days between when the first

confirmed case was reported and May 31st, 2020, population density, and social vulnerability

would all be set to these covariates’ respective average value [25]. This technique allows us to

more clearly separate the impact of social distancing from other factors on COVID-19 cases

compared to simply obtaining estimates directly from a regression model [25]. We plotted the

number of total confirmed COVID-19 cases up to May 31st, 2020 against the range of county-

level social distancing (average % of mobile devices leaving home between March 2020-May

2020) values (25%-45%). Statistical significance was assessed using two-sided tests conducted

at α = 0.05. Marginal effects at the mean analysis was performed with Stata 17 statistical soft-

ware (margins command with the at means option) while data plotting was carried out in R

Version 4.0 [24,26].

Results

Our study included 1,771,243 total confirmed COVID-19 cases with 8.0% of cases being nurs-

ing home COVID-19 cases (Table 1). Findings from the mixed-effects negative binomial

model show a significant association (p-value <0.001) between the average % of mobile

devices leaving home between March 2020-May 2020 and a county’s total COVID-19 con-

firmed cases under the two scenarios. The IRR for average % of mobile devices leaving home

between March 2020-May 2020 was found to be 1.050 (95% CI: 1.024, 1.077) when nursing

home COVID-19 cases were not excluded and 1.051 (95% CI: 1.025, 1.078) when these cases

were excluded, meaning that total COVID-19 confirmed cases in a county would be predicted

to increase by 5.0% and 5.1% respectively for each 1% rise in the average % of mobile devices

leaving home between March 2020-May 2020. Looking at average % of mobile devices leaving

the home in February 2020, we see the opposite occurring with each 1% increase in the average

% mobile devices leaving the home associated with a 2.5% decrease in total COVID-19 con-

firmed cases when nursing home COVID-19 cases were not excluded and a 2.6% decrease in

total COVID-19 confirmed cases when nursing home COVID-19 cases are excluded. Addi-

tional details on model parameters and goodness of fit can be found in S1 Table.

Results from marginal effects at the mean analysis are presented in Fig 1. When social dis-

tancing was at the high end (25% of mobile devices leaving home between March 2020-May

2020), this corresponded with 163.84 total confirmed COVID-19 cases up to May 31st, 2020/

100,000 people (95% CI: 121.81, 205.86) when nursing home COVID-19 cases were not

Table 1. Mixed-effects negative binomial model assessing influence of social distancing behavior on US COVID-19 cases (cases/100,000 people) between when a

county had its first confirmed case and May 31st, 2020.

Variables Not excluding nursing home COVID-19 cases

(n = 1,771,243)

Excluding nursing home COVID-19 cases

(n = 1,629,827)

Incidence Rate

Ratio

95% Confidence

Interval

P value Incidence Rate

Ratio

95% Confidence

Interval

P value

Average % of mobile devices leaving home between

March 2020-May 2020

1.050 (1.024, 1.077) <0.001 1.051 (1.025, 1.078) <0.001

Average % of mobile devices leaving the home in

February 2020

0.975 (0.953, 0.997) <0.001 0.974 (0.952, 0.996) <0.001

https://doi.org/10.1371/journal.pone.0260151.t001
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excluded and 149.58 total confirmed COVID-19 cases up to May 31st, 2020/100,000 people

(95% CI: 111.90, 187.26) when nursing home COVID-19 cases were excluded. In contrast, at

the low end of social distancing (45% of mobile devices leaving home between March

2020-May 2020), these numbers were respectively 432.79 total confirmed COVID-19 cases up

to May 31st/100,000 people (95% CI: 256.91, 608.66) and 405.38 total confirmed COVID-19

cases up to May 31st/100,000 people (95% CI: 243.14, 567.62) when nursing home COVID-19

cases were not excluded and when these cases were excluded.

Discussion

In this nationwide study, we examined how excluding nursing home COVID-19 cases impacts

the relationship between county-level social distancing behavior and COVID-19 cases in each

US county during the early phase of the pandemic. A 1% increase in average % of mobile

devices leaving home between March 2020-May 2020 was found to be significantly associated

with a 5% increase in the number of total confirmed COVID-19 cases in a county regardless of

whether nursing home COVID-19 cases were excluded from analyses. Accordingly, when we

separated the impact of social distancing from other factors, predicted total COVID-19 con-

firmed cases up to May 31st, 2020/100,000 people were similar between analyses that did not

exclude and those that did exclude nursing home COVID-19 cases throughout the range of

social distancing values as measured through mobile phone use. Overall, little difference in the

influence of social distancing behavior on COVID-19 cases was noted between analyses that

did not exclude and those that excluded nursing home COVID-19 cases.

Fig 1. Estimated total confirmed COVID-19 cases (cases/100,000 people) by May 31st, 2020 versus average % of

mobile devices leaving home (MDLH) between March 2020-May 2020.

https://doi.org/10.1371/journal.pone.0260151.g001
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Given that social distancing behavior can vary within a state, there have been a number of

studies that assessed the association between social distancing and COVID-19 at the county

level throughout the US [8–12]. These studies tend to focus on the association between

county-level social distancing behavior and COVID-19 growth rates with Gao et al., Cobb and

Seale, Rubin et al., and Courtemanche et al. reporting that while social distancing generally

prevents COVID-19 spread the magnitude of this association varied by county depending on

how well individuals within a county adhered to social distancing measures [8–10,12].

Research by Banerjee and Nowak that looked at the relationship between county-level social

distancing behavior and the natural log of COVID-19 cases observed much the same [11].

While all these studies demonstrate that the impact of social distancing behavior on COVID-

19 can differ widely between counties, they do not consider nursing home COVID-19 cases

when examining these associations.

Social distancing behavior in nursing homes is not necessarily reflective of the general

population within a county as factors such as overcrowding and a large proportion of resi-

dents with dementia make adherence to social distancing measures particularly challeng-

ing in nursing homes [27]. A study by Algase et al. found that overcrowding in nursing

homes is especially common in dining areas where it is not practical for masks to be worn

during mealtimes [28]. In addition, around 48% of nursing home residents have some

form of dementia which can make it difficult for them to understand why social distancing

measures are needed during the pandemic as well as consistently practice these measures

[29]. With these factors contributing to differing social distancing patterns in nursing

homes, it is notable that we obtained comparable estimates of the influence of social dis-

tancing on COVID-19 when nursing home COVID-19 cases were not excluded and when

they were excluded. Given that nursing home COVID-19 data can sometimes be delayed

or misreported, this finding provides evidence that reasonably similar estimates of the

influence of social distancing on preventing COVID-19 cases can be calculated if nursing

home COVID-19 data is not available [30,31]. However, further research is warranted to

determine if this same finding applies when determining the impact of social distancing on

COVID-19 growth rates and mortality.

Our study has several limitations that need to be considered. Social distancing encom-

passes many aspects such as stay at home orders, sheltering in place, maintaining physical

distance in public areas, and avoidance of large group gatherings [3,4]. While our study

was only able to assess some aspects of social distancing, use of mobile phone data allows

for a more quantitative approach to tracking social distancing that may be less prone to

bias [32]. Another limitation is the inability to capture social distancing information on

people without a mobile phone [17]. However, our study does include social distancing

data on a large portion of the US population as 95% of US adults have a mobile phone with

little difference in mobile phone ownership across race, age, education, income, and urban/

rural residence [33].

Conclusion

Findings from our study indicate that the approach of not excluding nursing home COVID-19

cases from total COVID-19 case counts has little impact when estimating the relationship that

county-level social distancing has on preventing COVID-19 cases in the general US popula-

tion. Building on this work, we note the need for future research examining whether not

excluding nursing home COVID-19 cases also has minimal influence on the relationship

between county-level social distancing and other measures of COVID-19 prevention such as

disease growth rate and mortality.
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