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Abstract

Background: Worldwide, nonpharmacologic interventions (NPIs) have been the main tool used to mitigate the COVID-19
pandemic. While preliminary research across the globe has shown this policy to be effective, thereis currently alack of information
on the effectiveness of NPIsin the United States.

Objective: The purpose of this study was to create a granular NPl data set at the county level and then analyze the rel ationship
between NPI policies and changesin reported COVID-19 cases.

Methods: Using astandardized crowdsourcing methodol ogy, we collected time-series dataon 7 key NPIsfor 1320 US counties.

Results: This open-source data set is the largest and most comprehensive collection of county NPI policy data and meets the
need for higher-resolution COVID-19 policy data. Our analysis revealed a wide variation in county-level policies both within
and among states (P<.001). We identified a correl ation between workplace closures and lower growth rates of COVID-19 cases
(P=.004). We found weak correlations between shelter-in-place enforcement and measures of Democratic local voter proportion
(R=0.21) and elected leadership (R=0.22).

Conclusions: This study isthefirst large-scale NPI analysis at the county level demonstrating a correlation between NPIs and
decreased rates of COVID-19. Future work using this data set will explore the relationship between county-level policies and
COVID-19 transmission to optimize real-time policy formulation.

(J Med Internet Res 2020;22(12):€24614) doi: 10.2196/24614
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Introduction of social distancing measuresinclude closing businesses, closing

schools, and quarantining symptomatic persons [6]. Contact

In the absence of effective vaccines or therapeutics targeting  a€ing involves tracking and following exposed individuals,
SARS-CoV-2, nonpharmacologic interventions (NPIs) have which requires both testing .capabllltla and_lnfrastrgcture to
been the only effective measures for containing the current ©<ecute [7]. Systematic reviews and modeling studies have
COVID-19 pandemic [1-4]. NPIs are grouped into social demonstrated that each of these NPIs have avariableimpact on

distancing measuresand contact tracing measures[5]. Examples  "€SPiratory virus transmission, depending on how and when
they are deployed [1,5,7].
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While Chinawasinitially slow toimplement NPI's, models have
shown that China’s social distancing measures were sufficient
to control COVID-19 [1,2]. Local governments across China
were integral in the successful implementation of NPIs,
including diagnostic testing and enforcing social distancing [2].
NPIs have similarly been found to effectively limit COVID-19
across 11 countriesin Europe[4], especialy Italy [3]. However,
the United States has implemented NPIs more variably, which
may be related to the higher rates of transmission [8].

In the United States, the first known cases of COVID-19 were
reported on January 20, 2020 [9]. However, it was not until
March 2020 that individual states responded with NPl policies,
and as of April 20, 2020, multiple states till had not
implemented stay-at-home orders [10,11]. The limited
coordination of national, state, and local responsesto COVID-19
led to substantial variation in NPIs at the county level across
the United States. Asthe pandemic continuedinto late May and
early June, states began to roll back measures with incongruent
reopening plans. These reopening plans again differed by
location and by NPI policy type [9]. As a result, the United
States has uniquely experienced wide variationsin NPI policy,
both geographically and temporally. County-level political party
alignments may be relevant to the formulation of local
COVID-19 NPI policies, this question has not yet been
rigorously assessed. Partisanship in county-level policy has
significant ramifications for how policymakers engage
stakeholdersto realistically implement local policy.

As of November 25, 2020, there are 12,838,102 confirmed
COVID-19 cases and 262,847 deaths in the United States [§],
both higher totals than those of any other country in the world
[8,12]. Preliminary data on social distancing at the state level
[13] and limited data on shelter-in-place orders at the county
level from bordering communitiesin lllinoisand lowa[14] have
shown that NPIs can be effective, particularly when
implemented in a timely manner. However, there remains a
need to better understand the effects of NPIs on COVID-19
transmission dynamics at anational scale on the granular county
level.
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Thefirst objective of this study was to describe the motivation
and novel methodology for creating the first large-scale
county-level NPI policy dataset in the United States. The second
objective was to highlight initial findings from this data set to
demonstrate its utility for much-needed local NPI analyses. A
unique standardized crowdsourcing methodol ogy was deployed
to collect time-seriesdataon 7 key NPIsfor 1320 US counties.
This novel data set was then mined for correlations in
combination with publicly available COVID-19 case data,
reproduction number (R,) estimates, and political demographics
at the county level. This exploratory analysis illustrates the
utility of county-level NPI implementation and analysisin the
United States, particularly with the novel data set described
herein.

Methods

Data Collection

A novel crowdsourcing methodology was implemented by
Hikma Health to collect COVID-19 policy data for 1320 US
countiesfrom March to July 2020. The dataset covers 7 distinct
NPI palicies, including the most widely deployed and accepted
NPIs. For each county, trained volunteers reported a binarized
policy status for each NPI policy indicating if/when the
following NPI policies were first implemented in each county,
along with a timestamp and a reference URL: (1) closure of
nonessential  workplaces, (2) shelter-in-place/stay-at-home
orders, (3) enforcement of shelter-in-place/stay-at-home orders,
(4) size restrictions on public gatherings, (5) school closures,
(6) public transit closures, and (7) publicly available testing.
Table 1 provides afull description of the variablesincluded in
the data set. The data set also includes a second timestamp and
reference URL for if/when each of the same 1320 US counties
terminated thefollowing 2 NPI policies: nonessential workplace
closures and shelter-in-place/stay-at-home orders. Given the
limits in data collection capacity, these 2 NPI policies were
prioritized over the other 5 NPI policies for observation at a
second timepoint, as we hypothesized they had a relatively
higher likelihood of changing in May-July 2020.
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Table 1. Variablesin the Hikma Health data set of county-level nonpharmacologic intervention policies.

Variable name Description

fips County FIPS? geographic code (unique identifier)

testing Binary coding whether COVID-19 testing is publicly available in the county to any resident without physician referral
needed

school Binary coding whether all schools are closed in the county

shelter Binary coding whether the county has an active shelter-in-place order, publicly announced by any county officia

shelter_enforcement

Binary coding whether the shelter-in-place order is being enforced in the county with fines or other penalties

Binary coding whether all “nonessential workplaces’ are closed in the county, with any local definition of “nonessential”

Binary coding whether any public transportation has been closed down for any public bus, train, shuttle, or ferry routes

work

event Binary coding whether public events and gatherings larger than a particular size N are restricted, for any N>1
transport

X_date For each palicy binary X, the date on which it was first implemented

X_URL For each policy binary X, the source URL with evidence of the nature and date of the policy

updated The timestamp for when this data was entered

3| PS: Federal Information Processing Standard.

Because each US county reports its standing COVID-19 NP
policies differently—from county websitesto local newsoutlets
and official social mediachannels—the data collection process
cannot be automated and instead requires human review and
discernment. From March to July of 2020, 104 volunteers,
consisting mostly of health-related graduate degree students
and medical professionals, were recruited through COVID-19
project postings, outreach groups, and ingtitutional listservs.
Each volunteer was remotely trained to use the same 7-step
standard operating procedure to research and collect the
aforementioned NPI data on 1320 US counties through
standardized online forms, effectively transforming the
convoluted county policy landscape into an organized NPI data
set with binary yes/no and interval date variables. The free and
open-source data set contains corresponding URL references
on al counties for quality assurance [15].

In assigning counties to volunteers, we initially prioritized
population and then transitioned to COVID-19 incidence asthe
pandemic unfolded. Specifically, we sourced data for the 500
most populous US counties and then used dynamic 4-day
incidence rate calculations to prioritize the remaining counties
in real time. For the first 100 counties, every policy and its
implementation date was validated manually by double-checking
thewebsite URL from which the information was sourced. The
same extraction process was repeated for the subsequent 1220
counties, with validation of URLs for an additional randomly
selected 10% of completed counties, rendering a volunteer
coding accuracy rate over 99%.

Statistical Analysis

In this study, we conducted time-series correlational analyses
combining our county-level NPI datafor 1320 US countieswith
multiple data sources, including daily county COVID-19 cases
and deaths sourced from The New York Times. We aso
assessed correlations with COVID-19 effective R, estimates
from the RT Live project, and political demographics at the
county level from the Kaiser Family Foundation and the MIT
Election Data and Science Lab.

http://www.jmir.org/2020/12/e24614/

For optimal visualization and temporally focused analysis on
current policies, we constructed a consolidated version of the
data set as follows: for each NPI policy in each county, all
observations within the last 24 hours were pooled; the mean
was calculated for each binary, and binaries above 0.5 were
considered positive, while binaries|essthan or equal to 0.5 were
considered negative; the latest date and URL reported were
chosen to represent that policy; lastly, a Policy Strength Index
(PSI) was calculated as alinear sum of al 7 NPI policy binary
variables, with 7 being the maximum and 0 being the minimum
possible value.

We then mined this consolidated data set for correlations and
distribution differences using standard statistical testsincluding
T testsand chi-square testswith a Bonferroni correction applied
for multiple hypothesistesting. All analyses were conducted in
Python notebooks that are available open source for review and
global use under the Apache 2.0 license.

Results

Data Set Construction and Access

The full county NPI data set, hereon referred to as the “all
policies’ data set, yielded 2704 observations of NPI policies
described in Table 1 in 1320 counties from all 50 states in the
United States. We analyzed the all policies data set (n=2704)
aswel| asthe consolidated current version of the data set, hereon
referred to asthe* current policies’ data set (n=1320), containing
only the most recent timestamp for county NPIs as described
in the Methods section. These versions are referred to as the
“al_county policies” and“county_policies’ files, respectively,
on GitHub, where they can be freely accessed by the global
public, along with reference documentation [15]. The data set
isavailable as both CSV (comma-separated values) and JSON
(JavaScript Object Notation) files, indexed by US county FIPS
(Federa Information Processing Standard) geographic codes.
Each of these files include the binary NPI variables with
accompanying interval date variables, corresponding reference
URLSs, and the timestamps of when the data were collected.
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Policy and Case Correlations

Inthedl policies data set, there was a strong positive correlation
between nonessential workplace closure and shelter-in-place
orders at the county level with a Pearson R of 0.835. All other
correlations between individual policies were weak in the all
policiesdata set, with an absol ute value of R<0.3. Inthe current
policiesdataset, the correl ation between nonessential workplace
closure and shelter-in-place orders weakened to a Pearson R of

Ebrahim et al

0.144, generally in association with the reopening of workplaces
without lifting shelter-in-place ordersin May-June 2020. In the
current policies data set, al other correlations were less than
0.1. Of dl policiestested for interstate differences by aone-way
ANOVA (anaysis of variance), only school closure was not
significantly different at aBonferroni corrected a level of .0071
(P=.06); for all other policies P<.001. States also exhibited
varying degrees of overal intrastate/intercounty variability in
PSI, asillustrated in Figure 1.

Figure 1. Map showing that county policies are uncorrelated and highly variable between and within states. Policy Strength Index (PSI) for the current
policiesdata set mapped by county indicates that across states, there was wide variability in policy implementation on July 15, 2020. The PSl is calculated
asthelinear sum of the 7 binary nonpharmacol ogic intervention policy variables in each county as described in the Methods section.
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We also observed that within states the variability in county
NPIs informs the visualization of case growth rates, as shown
in Figure 2. For example, in California, the variability in county
NPI palicies informed the interpretation of timelines showing
the 7-day simple moving averages of new casesin each county
(Figure 2A). Asageneral trend, case growth was minimal during
the period of workplace closure, highlighted for each county in
Figure 2A in the red window, while case growth increased
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significantly 2-8 weeks after the end of workplace closure. For
example, in Los Angeles County, California (shown in Figure
2B), case growth accelerated following the end of the work
closure policy; additionally, the start of public testing coincided
with the inflection point of case growth. In Siskiyou County,
Cdlifornia (shown in Figure 2C), case growth similarly
accelerated following the end of workplace closure.
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Figure 2. Variability in California county policiesin time and in relation to caseloads. (A) Time-series heatmap of the 7-day simple moving average
of daily casesplotted for 10 representative Californiacountiesin order of descending population, al normalized by county. The red rectangle demarcates
the period for which the county had nonessential workplaces closed. The purple line indicates if and when public testing became available. (B) Plot of
the total number of county cases as a timeline with county-level nonessential work closure policy and public testing times labeled for Los Angeles
County. (C) Plot of thetotal number of county cases as atimeline with county-level nonessential work closure policy times|abeled for Siskiyou County.
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Policies and Case Growth

As summarized in Figure 3, we assessed whether there are
significant differences in the change in weekly case growth in
counties where workplaces closed versus those that remained
open in the al policies data set. Figure 3A shows a histogram
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illustrating change in weekly case growth rate from the week
preceding the date of workplace closure to 14 days later for
counties with open versus closed nonessential workplaces.
Weekly case growth rates decreased over the 14 daysfollowing
a workplace NPI by larger magnitudes for counties that had
such nonessential workplace closure policies as compared to
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those that had openings (P=.004; Figure 3A). We al so assessed
whether there was a significant difference in statewide R.. This

effect of decreasing case propagation following workplace
closure was similarly observed in state-level estimates of R, 14

Ebrahim et al

days after the workplace policy (from RT Live) (P<.001; Figure
3B). The effect for R, was recapitulated at 28 days after the
workplace policy (P<.001). These effects are statistically
significant at our Bonferroni corrected a level of .0071.

Figure 3. Counties with closed nonessential workplaces and significant declines in growth rate and reproduction number (R;) following workplace

closure. (A) A histogram of the change in weekly case growth rate from the week preceding the date of workplace closure to 14 days later for counties
with open versus closed nonessential workplaces. (B) A histogram of the change in RT Live estimates of R; by state from the date of the workplace
policy to 14 days later for counties with open versus closed nonessential workplaces.
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The start date of public testing varied in each county both on
the absolute datetimeline and thetimelinerel ative to other NPIs.
To assess whether counties that had free public testing before
aworkplace policy observation were more likely to have had a
workplace closure for that observation, counties were grouped
based on their timelinesinto the categories of no testing, testing
after workplace closure, and testing before workplace closure.
A chi-sguaretest for significance found no significant difference
in workplace openings versus workplace closures for these
categories (P=.08).
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Policies and Political Alignment Correlations

We observed wesk correlations between the political parties of
local leadership and electorate and the policy of shelter-in-place
enforcement. In the all policies data set, shelter-in-place
enforcement waswesakly correlated with Democratic party State
House leadership (R=0.22) and Democratic voting proportion
inthe 2016 presidential election (R=0.21); al other correlations
had an absolute value of R<0.2 (Figure 4). No correlations
greater than 0.2 were observed between county political parties
and the dates at which apositiveintervention wasinitially made
for aparticular NPI palicy.
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Figure 4. Weak correlation between county policies and county political parties. Correlogram of county-level nonpharmacologic interventions (NPIs)
and political election patterns for state and national government for the al policies data set. A positive correlation shown in red indicates a positive

correlation between a Republican-oriented election pattern and an NPI.
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Discussion

Principal Results

The most effective measures for countries around the world
preventing COVID-19 have been NPIs [1-4]. However, due to
policy variations acrosslevels of government, the United States
has not demonstrated the same success with NPIs [8]. While
some research has been published looking at small collections
of neighboring counties, there has not been a comprehensive
analysis of NPIs across awider range of counties or any local
level more granular than the state level in the United States[14].
In this study, we identify associations between county level NP
policies and COVID-19 transmission from March 1 to July 20,
2020, using anovel crowdsourced county NPI policy data set.

The first objective of this project was to construct a
comprehensive data set that has a broad representation of
different NPI policies; has a diverse representation of counties
both in geographic distribution and popul ation; and incorporates
changesin NPIsover time. Overall, this study rendered ahighly
granular NPI policy data set with time-series data for 1320
counties from all 50 states in the United States. While there
have been comprehensive data sets reviewing NPI policies at
the statelevel [10,11] and some datagenerated for small clusters
of neighboring counties (<100 counties) [14], this novel data
set is the most comprehensive publicly available county data
set to date. We have openly shared this data set with the aim
that it be used by researchers around the United States and the
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world to further analyze the correlates of NPIs and various
COVID-19 epidemiological outcomes. Future research could
include a finer-grained anaysis and modeling of the
relationships between COVID-19 cases, deaths, and NPI
policies, aswell asthe explorations of the relationship between
NPIs and outcomes including economic status, health care
utilization, and social inequities.

The second abjective of this project wasto analyze this data set
and report preliminary findings. We found that acrossthe United
States, there was significant variability in NPl policy
implementation among counties, both within and among states.
NPI policies themselves for any given county are largely
uncorrelated, with the singular exception of workplace closure
and shelter-in-place NPIs. This finding supports previous
research that has also found wide variation in policies across
states, which was associated with dstatistically significant
differencesin rates of COVID-19 transmission [13]. While no
causal link has been demonstrated, these strong correlationsare
further supported by international studies that have compared
similarly sized territories within countries [2,3].

We aso found that there was significant variation in NPI
policies across counties within states. We displayed 10
representative California counties as an example, which show
the relationship between the rate of COVID-19 casesand timing
of when individual California counties closed workplaces,
reopened workplaces, and started public testing. These results
show that the implementation of NPI policies varied when they

JMed Internet Res 2020 | vol. 22 |iss. 12 | €24614 | p. 7
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

were enacted in response to COVID-19 case rates across
counties. Asaconsistent trend, we observed that for both heavily
populated urban counties like Los Angeles County (10 million
residents) and sparsely populated rural counties like Siskiyou
County (44,000 residents), the end of a workplace closure
appears to precede an increase in cases by 2-6 weeks. This
heatmap timeline could be confounded by when public testing
started in each county and the rate at which counties were able
to test. While we have recorded the date at which public testing
became available in each county, as displayed in Figure 2, the
rate of testing by county remains generally unknown.

The final and most notable finding of this analysisisthat there
arestatistically significant positive correlations between county
workplace closures and decreases in subsequent COVID-19
case growth, as shown in Figure 3. We found that across all
counties, those with work closures had significantly lower rates
of subsequent COVID-19 case growth compared to counties
that did not. We emphasize that these results do not in any way
demonstrate causation but rather a temporally informative
correlation between NPl policy and COVID-19 rates.
Nevertheless, these findings align with others highlighting the
relationship between increased NPI policies and subsequently
declining growth rates of COVID-19 at the county level [14].
Our Hikma Health data set aso has the potential to be used in
further temporal modeling, particularly to predict R, for counties
across the United States. Our data set particularly lends itself
to a clustering analysis to assess the relationship between NPI
policies and cases in demographically similar counties, which
will be helpful to local policymakers.

Current research on political affiliation and attitudes toward
COVID-19 palicies has shown that differences between
Democrats and Republicans are more significant than differences
across race or gender [16]. Reports from the Pew Research
Center have shown that Democrats are more likely to see
COVID-19 as a serious threat [17]. In order to understand the
political landscape in which these policies are being
implemented, we analyzed both the political parties in charge
of countiesand the political electoratein each county. Asshown
in Figure 4, we found a relatively weak correlation between
Democratic county governments and electorates and
shelter-in-place policy enforcement (no significant correlations).
However, our finding of relatively limited differences by
political party isconsistent with agenerally high public support
across the political spectrum for NPl policies to reduce
COVID-19 spread [18]. These preliminary results should be
further analyzed to understand the rel ati onship between political
party and NPI policy choices.

Limitations

There are a number of important limitations to note about our
study. Firstly, our data collection, while rigorous, is affected
by a number of factors both inherent to the study and external
that could skew outcomes. Even though data collectors were
well trained and used standardized methods, the estimated date
of policy changes could be highly variable, particularly for
countieswith limited or conflicting information available online.
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Thus, an important next step will beto fully validate thisHikma
Health data set by double coding al 1320 counties and
subsequent reconciliation of discordant datapoints. In addition,
external and contemporaneous factors such as rates of testing
and the degree to which the public actually adhere to NPI
guidelines are not addressed by our binarized data set. In
subsequent analysesto addressthese factors, weamto integrate
testing rates and mobility data as these data sets become
available.

Secondly, the Hikma Health data set comprises 2 timepoints
for 2 of the 7 NPI policies originally assessed. The analyses
presented in Figures 2 and 3 are subject to the caveat that
changesinthe other 5 unrecorded NPI policies may theoretically
confound any associations. Of these NPI policies, enforcement
of shelter-in-place/stay-at-home orders, school closures, and
publicly availabletesting were unlikely to change before August
2020, whereas size restrictions on public gatherings and public
transit closures may have been reversed and therefore might be
more significant confounds.

Finaly, our analysis identifies correlations in the data set
without any implication of causality. In order to establish
causation, NPI policies would have to be implemented as a
coordinated randomized controlled trial across counties, which
is unlikely. In lieu of such a study, our group and others will
build temporal predictive models using this data set to test the
potential effects of NPI policies.

Despite these limitations, our study is the first to identify
correlations between county-level NPI policies and subsequent
COVID-19 growth rates across the United States, including
over 1000 countiesfrom all 50 states. Our novel data set enabled
us to consistently describe correlations for counties across the
United States, compared to previous studies conducted on a
more limited and thus less representative scale [13,14]. Our
data collection methodology allowed for the evaluation and
validation of data across geography and time. Asthe pandemic
continues, future research should continue to investigate the
relationship between NPI policies, COVID-19 case rates, and
the factors that may influence implementation such as political
affiliation, culture, and social structures.

Conclusion

AsCOVID-19 casescontinueto climb acrossthe United States,
we anticipate that local leadership at the state and county levels
will need to deviseinformed and relevant policiesto limit local
spread. Our findings suggest that there is substantial variation
in NPI implementation and termination at the county level, both
between and within states, reflecting an inconsistent policy
approach. We aso found positive correlations between
implementing a workplace closure NPI and lower future rates
of COVID-19, supporting previous national and international
studies suggesting that NPI policies like workplace closure
reduce COVID-19 transmission [1-4,13,14]. Taken together,
this growing body of literature suggests that NPI policies at
multiple levels, and especialy at the local level of the county,
play arolein limiting the effects of the COVID-19 pandemic.

JMed Internet Res 2020 | vol. 22 | iss. 12 | 24614 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Ebrahim et a

Acknowledgments

Thiswork was supported by the National Science Foundation (2035361 to JC), the National Institutes of Health (F31NS105161,
T32GMO007753, and T32MH020017 to SE), the Harvard Medical Scientist Training Program (to SE), and the Paul & Daisy Soros
Fellowship for New Americans (to SE). The content is solely the responsibility of the authors and does not necessarily represent
the officia views of the National Science Foundation or the National Institutes of Health.

Authors Contributions

SE and HA were responsible for study concept and design, with help from JC. Data acquisition was conducted by CN, SE, AK,
and HA. SE, AK, and AT analyzed and interpreted the data. HA and SE drafted the manuscript. JC, HA, SE, and AT critically
revised the paper for important intellectual content.

Conflictsof Interest

JC reports receiving consulting fees from Gilead Sciences, Merck, and Value Analytics Labs, al unrelated to thiswork. SE, HE,
CN, AK, and AT have no relevant conflicts of interest. The authorswill not receive any payment or reward of any kind for writing
this paper.

References

1.  ZhangJ, LitvinovaM, Liang Y, Wang Y, Wang W, Zhao S, et a. Changes in contact patterns shape the dynamics of the
COVID-19 outbreak in China. Science 2020 Jun 26;368(6498):1481-1486 [ FREE Full text] [doi: 10.1126/science.abb8001]
[Medline: 32350060]

2. La S, Ruktanonchai NW, Zhou L, Prosper O, Luo W, Floyd JR, et a. Effect of non-pharmaceutical interventionsto contain
COVID-19 in China. Nature 2020 Sep 04;585(7825):410-413. [doi: 10.1038/s41586-020-2293-x] [Medline: 32365354]

3. Giordano G, Blanchini F, Bruno R, Colaneri P, Di Filippo A, Di Matteo A, et al. Modelling the COVID-19 epidemic and
implementation of population-wide interventionsin Italy. Nat Med 2020 Jun;26(6):855-860 [ FREE Full text] [doi:
10.1038/s41591-020-0883-7] [Medline: 32322102]

4.  Haxman S, Mishra S, Gandy A, Unwin HJT, Mellan TA, Coupland H, Imperial College COVID-19 Response Team, et al.
Estimating the effects of non-pharmaceutical interventionson COVID-19in Europe. Nature 2020 Aug 08;584(7820):257-261.
[doi: 10.1038/s41586-020-2405-7] [Medline: 32512579]

5. Fong MW, Gao H, Wong JY, Xiao J, Shiu EY, Ryu S, et a. Nonpharmaceutical Measures for Pandemic Influenzain
Nonhesalthcare Settings-Social Distancing Measures. Emerg Infect Dis 2020 May;26(5):976-984 [FREE Full text] [doi:
10.3201/eid2605.190995] [Medline: 32027585]

6. Markel H, Lipman HB, Navarro JA, Sloan A, Michalsen JR, Stern AM, et a. Nonpharmaceutical interventionsimplemented
by UScitiesduring the 1918-1919 influenza pandemic. JAMA 2007 Aug 08;298(6):644-654. [doi: 10.1001/jama.298.6.644]
[Medline: 17684187]

7. Klinkenberg D, Fraser C, Heesterbeek H. The effectiveness of contact tracing in emerging epidemics. PLoS One 2006 Dec
20;1:e12 [FREE Full text] [doi: 10.1371/journal.pone.0000012] [Medline: 17183638]

8. Dong E, Du H, Gardner L. An interactive web-based dashboard to track COVID-19 in real time. The Lancet Infectious
Diseases 2020 May;20(5):533-534. [doi: 10.1016/S1473-3099(20)30120-1]

9.  Holshue ML, DeBolt C, Lindquist S, Lofy KH, Wiesman J, Bruce H, Washington State 2019-nCoV Case Investigation
Team. First Case of 2019 Novel Coronavirusin the United States. N Engl J Med 2020 Mar 05;382(10):929-936 [FREE
Full text] [doi: 10.1056/NEJM 0a2001191] [Medline: 32004427]

10. State Action on Coronavirus (COVID-19). NCSL. 2020 Dec 16. URL : https.//www.ncsl.org/research/health/
state-action-on-coronavirus-covid-19.aspx [accessed 2020-11-25]

11. Mervosh S, Lu D, Swales V. See Which States and Cities Have Told Residents to Stay at Home. The New York Times.
2020 Apr 20. URL : https.//www.nytimes.com/interactive/2020/us/coronavirus-stay-at-home-order.html [accessed 2020-11-25]

12.  WHO Coronavirus Disease (COVID-19) Dashboard. World Health Organization. 2020. URL: https://covid19.who.int/
[accessed 2020-11-25]

13. Siedner MJ, Harling G, Reynolds Z, Gilbert RF, Haneuse S, Venkataramani AS, et al. Correction: Social distancing to slow
the USCOVID-19 epidemic: Longitudinal pretest-posttest comparison group study. PLoS Med 2020 Oct 6;17(10):€1003376
[FREE Full text] [doi: 10.1371/journal.pmed.1003376] [Medline; 33022016]

14.  Lyu W, Wehby GL. Comparison of Estimated Rates of Coronavirus Disease 2019 (COVID-19) in Border Countiesin lowa
Without a Stay-at-Home Order and Border Countiesin Illinois With a Stay-at-Home Order. JAMA Netw Open 2020 May
01;3(5):€2011102 [FREE Full text] [doi: 10.1001/jamanetworkopen.2020.11102] [Medline: 32413112]

15. Noah C, Ebrahim S, Ashworth H, Ebrahim A, Kadambi A, Pattilachan T. Covid-19 County Level Policy Data. Hikma
Health / GitHub. 2020. URL : https.//github.com/hikmaheal th/covid19countymap [accessed 2020-11-25]

16. Van Green T, Tyson A. 5 facts about partisan reactions to COVID-19 in the U.S. Pew Research Center. 2020 Apr 2. URL.:
https://www.pewresearch.org/fact-tank/2020/04/02/5-f acts-about-partisan-reactions-to-covid-19-in-the-u-g/ [accessed
2020-11-25]

http://www.jmir.org/2020/12/e24614/ JMed Internet Res 2020 | vol. 22 | iss. 12 | 24614 | p. 9
(page number not for citation purposes)


http://europepmc.org/abstract/MED/32350060
http://dx.doi.org/10.1126/science.abb8001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32350060&dopt=Abstract
http://dx.doi.org/10.1038/s41586-020-2293-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32365354&dopt=Abstract
http://europepmc.org/abstract/MED/32322102
http://dx.doi.org/10.1038/s41591-020-0883-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32322102&dopt=Abstract
http://dx.doi.org/10.1038/s41586-020-2405-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32512579&dopt=Abstract
https://dx.doi.org/10.3201/eid2605.190995
http://dx.doi.org/10.3201/eid2605.190995
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32027585&dopt=Abstract
http://dx.doi.org/10.1001/jama.298.6.644
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17684187&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0000012
http://dx.doi.org/10.1371/journal.pone.0000012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17183638&dopt=Abstract
http://dx.doi.org/10.1016/S1473-3099(20)30120-1
http://europepmc.org/abstract/MED/32004427
http://europepmc.org/abstract/MED/32004427
http://dx.doi.org/10.1056/NEJMoa2001191
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32004427&dopt=Abstract
https://www.ncsl.org/research/health/state-action-on-coronavirus-covid-19.aspx
https://www.ncsl.org/research/health/state-action-on-coronavirus-covid-19.aspx
https://www.nytimes.com/interactive/2020/us/coronavirus-stay-at-home-order.html
https://covid19.who.int/
https://dx.plos.org/10.1371/journal.pmed.1003376
http://dx.doi.org/10.1371/journal.pmed.1003376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33022016&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.11102
http://dx.doi.org/10.1001/jamanetworkopen.2020.11102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32413112&dopt=Abstract
https://github.com/hikmahealth/covid19countymap
https://www.pewresearch.org/fact-tank/2020/04/02/5-facts-about-partisan-reactions-to-covid-19-in-the-u-s/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Ebrahim et a

17. Doherty C, Kiley J, Daniller A, Jones B, Hartig H, Dunn A. Republicans, Democrats move even further apart in coronavirus
concerns. Pew Research Center. 2020 Jun 25. URL : https.//www.pewresearch.org/politics/2020/06/25/
republicans-democrats-move-even-further-apart-in-coronavirus-concerns/ [accessed 2020-11-25]

18. Czeider ME, Tynan MA, Howard ME, Honeycutt S, Fulmer EB, Kidder DP, et al. Public Attitudes, Behaviors, and Beliefs
Related to COVID-19, Stay-at-Home Orders, Nonessential Business Closures, and Public Health Guidance - United States,
New York City, and Los Angeles, May 5-12, 2020. MMWR Morb Mortal Wkly Rep 2020 Jun 19;69(24):751-758 [FREE
Full text] [doi: 10.15585/mmwr.mm6924el] [Medline: 32555138]

Abbreviations

ANOVA: analysis of variance

CSV: comma-separated values

FIPS: Federal Information Processing Standard
JSON: JavaScript Object Notation

NPI: nonpharmaceutical intervention

PSI: Policy Strength Index

R;: reproduction number

Edited by G Eysenbach; submitted 27.09.20; peer-reviewed by P Postigo-Martin, G Long; comments to author 25.11.20; accepted
08.12.20; published 19.12.20

Please cite as:

Ebrahim S, Ashworth H, Noah C, Kadambi A, Toumi A, Chhatwal J

Reduction of COVID-19 Incidence and Nonpharmacologic Interventions: Analysis Using a US County—Level Policy Data Set
J Med Internet Res 2020;22(12):e24614

URL: http://www.jmir.org/2020/12/e24614/

doi: 10.2196/24614

PMID:

©Senan Ebrahim, Henry Ashworth, Cray Noah, Adesh Kadambi, Asmae Toumi, Jagpreet Chhatwal. Originally published in the
Journal of Medical Internet Research (http://www.jmir.org), 19.12.2020. Thisis an open-access article distributed under theterms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/,
aswell asthis copyright and license information must be included.

http://www.jmir.org/2020/12/e24614/ JMed Internet Res 2020 | vol. 22 | iss. 12 | e24614 | p. 10
(page number not for citation purposes)

RenderX


https://www.pewresearch.org/politics/2020/06/25/republicans-democrats-move-even-further-apart-in-coronavirus-concerns/
https://www.pewresearch.org/politics/2020/06/25/republicans-democrats-move-even-further-apart-in-coronavirus-concerns/
https://doi.org/10.15585/mmwr.mm6924e1
https://doi.org/10.15585/mmwr.mm6924e1
http://dx.doi.org/10.15585/mmwr.mm6924e1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32555138&dopt=Abstract
http://www.jmir.org/2020/12/e24614/
http://dx.doi.org/10.2196/24614
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

