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Abstract
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Background: The novel coronavirus disease 2019 (COVID-19) sickened over 20 million residents in the United
States (US) by January 2021. Our objective was to describe state variation in the effect of initial social distancing
policies and non-essential business (NEB) closure on infection rates early in 2020.

Methods: We used an interrupted time series study design to estimate the total effect of all state social distancing
orders, including NEB closure, shelter-in-place, and stay-at-home orders, on cumulative COVID-19 cases for each
state. Data included the daily number of COVID-19 cases and deaths for all 50 states and Washington, DC from the
New York Times database (January 21 to May 7, 2020). We predicted cumulative daily cases and deaths using a
generalized linear model with a negative binomial distribution and a log link for two models.

Results: Social distancing was associated with a 15.4% daily reduction (Relative Risk = 0.846; Confidence Interval
[Cl]=0.832, 0.859) in COVID-19 cases. After 3 weeks, social distancing prevented nearly 33 million cases nationwide,
with about half (16.5 million) of those prevented cases among residents of the Mid-Atlantic census division (New
York, New Jersey, Pennsylvania). Eleven states prevented more than 10,000 cases per 100,000 residents within 3

Conclusions: The effect of social distancing on the infection rate of COVID-19 in the US varied substantially across
states, and effects were largest in states with highest community spread.
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Background

The severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) caused the coronavirus disease 2019
(COVID-19) pandemic, which sickened over 20 million
residents and caused over 370,000 deaths in the United
States (US) by January 2021 [1, 2]. This highly conta-
gious, novel disease has a high case fatality rate in high-
risk populations, and can cause severe morbidity and
high healthcare resource use. In the US, each state
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implemented a combination of social distancing policies
in order to mitigate transmission, including limiting the
size of gatherings and closing schools and non-essential
businesses [3]. States’ implementation strategies varied,
yet little is known about how the impact of social distan-
cing policies varied between states.

In the absence of therapeutics and contact tracing cap-
acity early on in the pandemic, COVID-19 mitigation
and suppression strategies in the US relied on social dis-
tancing policies to prevent the spread of the disease and
reduce COVID-19-related morbidity and mortality [3].
A variety of social distance interventions were imple-
mented in the US to mitigate the spread of COVID-19,
including limits on the size of group gatherings, public
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schools and non-essential business (NEB) closure, and
shelter in place or stay at home orders [4]. These so-
cial distancing and mitigation policies changed behav-
ior, specifically reduced mobility and gathering, which
reduced the opportunities for the virus to spread
from person to person. Early in the pandemic, simula-
tion models suggested that social distancing policies
can provide crucial time to increase healthcare cap-
acity [5]. The effectiveness of social distancing orders
in mitigation community transmission has been well
established [4, 6, 7].

States varied in their timing, sequencing, implementa-
tion and enforcement for social distancing policies. The
Centers for Disease Control and Prevention (CDC) pro-
vided guidance on responding to COVID-19; however,
state and local governments were responsible for imple-
menting social distancing policies. Furthermore, vari-
ation in timing of policies can impact the effectiveness,
with earlier intervention delaying epidemic curve and
later intervention flattening the epidemic curve [5, 8, 9].
Thus, the variation in states’ implementation strategies
may result in variation in the effect of social distancing
measures between states.

The effectiveness of social distancing orders in mitigat-
ing community transmission has been well established;
however, little is known about the variation in the effect
across states.

The objective of this study was to describe state vari-
ation in the effect of initial social distancing policies and
non-essential business (NEB) closure on infection rates
early in 2020. This study expands knowledge by estimat-
ing the impact for each state using state-specific trends
in spread of COVID-19.

Methods

We used an interrupted time series (ITS) quasi-
experimental study design to evaluate the total effects of
social distancing policies implemented between January
21 and May 7, 2020, using non-essential business (NEB)
and public school closures as the key implementation
markers [10]. The study period ends May 7, 2020 to pre-
vent reopening of NEB from impacting the estimates of
closure [7]. The ITS design compares COVID-19 rates
among states that implemented NEB closure to the pre-
dicted rates assuming the trend in cases would have
been consistent in the absence of the intervention. This
assumption allows us to estimate the effect of social dis-
tancing across all states as the average difference be-
tween the predicted case rate with closure and the
predicted case rate without closure.

Data and sample
Dates of social distancing orders were obtained from the
Boston University School of Public Health COVID-19
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US State Policy Database from January 21, 2020 to May
7, 2020 [10]. Our sample included 50 U.S. states and the
District of Columbia. We excluded US territories due to
limited data on mitigation policies. Daily COVID-19
confirmed case counts were obtained from the New
York Times state-level database [11]. State population
data were obtained from the 2018 American Community
Survey [12].

The primary outcome was the daily cumulative num-
ber of COVID-19 cases in the state from January 21,
2020 to May 7, 2020. The outcome was lagged by 5 days
because the effect of the intervention on confirmed cases
was expected to be delayed by the incubation period as
well as time for reporting. A shorter lag time was pre-
ferred to avoid classifying daily outcomes from the post-
period in the pre-period, and prior evidence suggested
that effects are significant as early as 5 days after imple-
mentation [4]. The secondary outcome was the number
of confirmed COVID-19 deaths, lagged by 10 days.

We estimated the combined effect of two social distan-
cing measures: state-level NEB and public school clo-
sures. We defined the start of the intervention as the
date of public school closure, and we estimated the
change in slope between school closure and NEB closure
(“ramp up” period) as well as the change in slope after
NEB closure (“post” period) (Supplemental Material).
The total effect of closures included both the change
during the ramp up period as well as the change in the
post period. A shelter-in-place order included the clos-
ure of schools and NEBs, so we used the date of shelter-
in-place to define NEB closure if a date was not reported
for NEBs specifically.

Statistical analysis

We predicted cumulative daily cases and deaths using a
generalized linear model with a negative binomial distri-
bution and a log link for two models. The model exam-
ined the total effect of states’ social distancing orders
(including NEB and public school closure). The time
variable (day) was centered around the date of school
closure, and we truncated observations at 20 days prior
to school closure to reduce bias due to testing limita-
tions and periods of zero growth early in the epidemic,
and improve estimates of states’ pre-period trends. The
mean number of observations per state during the study
period was 66.4 (SD = 14), with a mean of 16.5 days prior
to the school closure and 26.5 days prior to NEB closure
(Table 1). Thus, the mean number of time points in the
post-closure period is > 30, well over the 3-12 time
points recommended for interrupted time series analysis
[13, 14]. This model included interactions between the
treatment variable (categorical; pre-period, ramp-up
period, and post-period) and a linear and quadratic time
variable to allow the slopes to differ in the ramp-up and
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Table 1 Timing of states social distancing policies relative to
COVID-19 burden

Total (N =51)
Mean (SD)
Days in sample 664 (14.0)
Days from index case to school closure 16.5 (14.7)
Cases at school closure 189.8 (391.3)
Deaths at school closure 33 (9.0
Days from index case to NEB closure 265 (13.8)
Cases at NEB Closure 17786 (2771.1)
Deaths at NEB closure 305 (43.7)

NEB non-essential businesses, SD standard deviation;

post-period compared to the pre-period. Thus, the treat-
ment effect was estimated as the average of the differ-
ences in the slope for each state before (pre-period) and
after closure.

We used the method of recycled predictions [15] to
compare predicted cumulative cases with social distan-
cing compared to without social distancing at 3 weeks
after the date of school closure for each state. In nonlin-
ear models, the method of recycled predictions is recom-
mended for estimating marginal effects because the
marginal effect can vary depending on the covariate
values. In this method, predictions are estimated for the
treated scenario and the non-treated scenario for each
observation in the sample holding all other variables
constant [16].

State fixed effects controlled for state characteristics
associated with outcomes that did not change over the
study period. To allow time trends in each state to vary
prior to the intervention, we used a unique time trend
for each state in all models. We used an offset to ac-
count for varying population sizes and present marginal
effects as a rate per 100,000 residents. We used robust
standard errors to account for heteroskedasticity in
measurement of cases over time and clustered standard
errors by day to address temporal clustering of out-
comes. To improve model fit, we tested higher order
terms and alternative distribution assumptions (see stat-
istical supplement). The final model included a quadratic
time trend to allow the slope to vary over time. In a sen-
sitivity analysis, we ran models with and without New
York and New Jersey included because of the large case
counts. All analyses were conducted using Stata 16.0.

Results

By the end of the study period, all 50 states and the Dis-
trict of Columbia had closed public schools, and all but
five states (Arkansas, Nebraska, North Dakota, South
Dakota, Wyoming) had NEBs (with or without shelter-
in-place, stay-at-home, or similar order). Five states that
mandated NEB closure did not order residents to shelter
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in place (Kentucky, Oklahoma, Texas, Iowa, and Con-
necticut). Most states (31) closed schools the week be-
tween March 13, 2020 and March 20, 2020 while
Nebraska closed schools last, on April 3, 2020 (Table 1).
While three states closed schools and businesses on the
same day (California, Iowa, Maine), most closed schools
prior to NEB closure (mean =9.7 days). States had an
average of 189.8 COVID-19 cases and 3.3 related deaths
on the date of school closure. States had an average of
1778.6 COVID-19 cases and 30.5 related deaths on the
date of NEB closure.

Effects of social distancing orders on COVID-19 cases and
deaths

Social distancing, including closure of NEB and public
schools, reduced the daily COVID-19 cases by 15.4%
(Relative Risk [RR]=0.846; Confidence Interval [CI] =
0.832, 0.859) (Table 2). The effect of the relative reduc-
tion on cumulative cases per 100,000 increases exponen-
tially over time due to the exponential spread of
infection in the absence of the intervention (Fig. 1). The
average reduction in cases due to social distancing pol-
icies at 2 weeks was - 518.9 (CI=-827.7, —210.1) cases
and at 3 weeks was - 4175 (CI=-6910.1, — 1440.9) per
100,000 residents. Social distancing was associated with
a daily reduction in COVID-19 deaths of 11.6% (RR =
0.884; CI =0.861, 0.906) (Table 2). Predictions for deaths
were not precise enough to estimate the number of
deaths prevented. Results in sensitivity analyses were
similar (Table 2).

The impact of social distancing policies varied across
states. Eleven states were estimated to have prevented
more than 10,000 cases per 100,000 residents including
New York, New Jersey, Louisiana, Massachusetts, Con-
necticut, Michigan, Rhode Island, District of Columbia,
Washington, Illinois, and Delaware (Fig. 2). Seven states
were estimated to have prevented less than 2000 cases
per 100,000 residents including Oklahoma, Arizona,
North Dakota, Nebraska, Wyoming, Arkansas, and
North Carolina. The Mid-Atlantic census division
accounted for half of the nationally prevented cases at
16.5 million cases. State specific estimates are presented
in the supplemental material (Table S1).

Discussion

The effect of state social distancing orders on the infec-
tion rate of COVID-19 in the US varied substantially
across states. In our study, the effect of social distancing
early in the pandemic (March — May 2020) ranged from
less than 2000 cases per 100,000 residents in to over 10,
000 prevented cases per 100,000 residents. About half
(16.5 million) of prevented cases nationally were esti-
mated among residents of the Mid-Atlantic census div-
ision (New York, New Jersey, Pennsylvania) where
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Table 2 Total effects of social distancing policies on COVID-19 cases and deaths
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Cumulative Daily Cases

Cumulative Daily Deaths

RR (95% Cl)

0.85 (0.83, 0.86)

0.86 (0.85, 0.87)

Change in predicted cases per 100,000 (95% Cl)
—51892 (- 827.70, — 210.14)

—4175.46 (- 6910.06, — 1440.86)

Total Effects of Social Distancing Policies
Primary Analysis (all states)

Sensitivity Analysis °

Difference at 14 days
Difference at 21 days

RR (95% Cl)

0.88 (0.86, 0.91)

0.90 (0.87, 0.92)

Change in predicted deaths per 100,000 (95% Cl)
-11.02 (- 2357, 1.54)

—77.60 (- 16881, 13.61)

RR relative risk, C/ confidence interval, NEB non-essential businesses
Note: negative numbers represent cases or deaths prevented
2 Sensitivity Analysis included all states except New York and New Jersey

community spread was higher than in other regions of
the country at the time.

Our findings confirm prior estimates of the effects of
social distancing mandates on the spread of COVID-19
early in the COVID-19 epidemic and expands under-
standing by describing variation in the effects across
states. The relative daily reductions in COVID-19 cases
(15.4%) and deaths (11.6%) associated with social distan-
cing orders prevented an estimated 33 million cases na-
tionwide. Similar to our results, prior evidence
evaluating the effectiveness of social distancing policies
estimated 34 million prevented by the end of April and
up to 60 million cases in total [4, 6, 17]. Another study
evaluating the timing of school closure found closing
schools when the cumulative incidence of COVID-19
was in the lowest quartile compared with the highest
quartile was associated with 128.7 fewer cases per 100,
000 population over 26 days and with 1.5 fewer deaths
per 100,000 population over 16 days [6].

COVID-19 infection rates have continued to in-
crease nationally, and some states and countries are
implementing additional rounds of stay at home or-
ders. While significant advances in vaccines mitigate
COVID-19 susceptibility, new evidence suggests that
the benefits of continuing non-pharmaceutical inter-
ventions including social distancing policies is greater
than vaccination alone [18]. Similar to other studies,
we found the largest effects of social distancing orders
were observed in states with high community spread
at the time of implementation [6]. Due to the growth
in infection rates, states that reinstate stay at home
orders may prevent a greater number of COVID-19
cases than were prevented by implementation early in
the pandemic, particularly in rural states where the
rate of infection in the community was low early in
2020. Emerging coronavirus variants that are more
contagious or morbid may cause surges that require
physical  mitigation measures including social

Predictive Margins with 95% Cls
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Fig. 1 Cumulative incidence of COVID-19 cases with and without state social distancing policies
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supplemental material.

Notes: Figure generated using Stata 16.0 to present results of the authors’ analysis of New York
Times COVID-19 US data base. Cumulative daily COVID-19 cases (January 21 to May 7, 2020)
were estimated using a generalized linear model with a negative binomial distribution and a log
link and offset to account for state population. For each state, we used the method of recycled
predictions to compare predicted cumulative cases with social distancing compared to without
social distancing at three weeks after the date of school closure. Estimates are presented in the

Fig. 2 Estimated COVID-19 cases per 100,000 residents prevented by social distancing policies within 3 weeks. Notes: Figure generated using
Stata 16.0 to present results of the authors' analysis of New York Times COVID-19 US data base. Cumulative daily COVID-19 cases (January 21 to
May 7, 2020) were estimated using a generalized linear model with a negative binomial distribution and a log link and offset to account for state
population. For each state, we used the method of recycled predictions to compare predicted cumulative cases with social distancing compared
to without social distancing at 3 weeks after the date of school closure. Estimates are presented in the supplemental material

distancing mandates and face masks to reduce trans-
mission [19]. Despite efforts to suppress and contain
the virus, COVID-19 is likely to become endemic,
particularly among populations with high poverty
rates [20].

Measurement error in the number of cases and deaths
is a concern as the procedures for testing and docu-
menting cases and deaths have continued to adapt over
time and vary by state. Asymptomatic cases and out-of-
hospital deaths are most likely to be underrepresented.
Our data included COVID-19 cases confirmed by test-
ing, and many cases and deaths may go undetected due
to both testing limitations and asymptomatic carriers. In
addition, the state level data do not capture the variation
in local policies (e.g., the introduction of masking),
which may have contributed to the effectiveness of social
distancing mandates. States adopted and adapted mul-
tiple interventions during the period, and our analysis
cannot isolate effects of individual policies, only total ef-
fects. This analysis also could not distinguish whether
the observed relationships are due to voluntary versus
mandated social distancing. Finally, the ability to control
for the state-specific trend in mortality was limited due
to the few deaths that occurred prior to school closure.

Conclusions
The effect of social distancing on the infection rate of
COVID-19 in the US varied substantially across states

and effects were largest in states with highest commu-
nity spread. The level of community spread should be a
key factor for states considering mandating the closure
of non-essential businesses and stay-at-home orders.

Abbreviations

Cl: Confidence interval; ITS: Interrupted time series; NEB: Non-essential
business; RR: Relative risk; SARS-CoV-2: Severe acute respiratory syndrome
coronavirus 2; US: United States

Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512889-021-11236-3.

Additional file 1: Figure S1. Comparing Predicted and Observed
COVID-19 Cases (lagged 5 days) for Models A-F. Table S1. State-specific
estimates of COVID-19 cases averted with social distancing policies com-
pared to projected cases without social distancing (3 weeks after school
closure).

Acknowledgements
Not applicable.

Authors’ contributions

BGK made substantial contributions to the conception and design,
acquisition of data, analysis and interpretation of data, drafting the article,
and gave final approval of the version to be submitted. RW made substantial
contributions to conception and design, acquisition of data, interpretation of
data, drafting the article, and gave final approval of the version to be
submitted. NML made substantial contributions to conception and design,
acquisition of data, interpretation of data, revising the draft critically for
important intellectual content, and gave final approval of the version to be
submitted and any revised version. SH made substantial contributions to the
acquisition of data, drafting and revising the article and gave final approval


https://doi.org/10.1186/s12889-021-11236-3
https://doi.org/10.1186/s12889-021-11236-3

Kaufman et al. BMC Public Health (2021) 21:1239

of the version to be submitted. JY made substantial contributions to the

acquisition of data, drafting and revising the article and gave final approval
of the version to be submitted. VS made substantial contributions to analysis

design, interpretation of data, revising the article critically for important

intellectual content; and gave final approval of the version to be submitted.

MBM made substantial contributions to conception, interpretation of data,

revising the draft critically for important intellectual content; and gave final

approval of the version to be submitted.

Funding
Internally funded by Duke-Margolis Center for Health Policy.

Availability of data and materials

The New York Times. (2020). Coronavirus (Covid-19) Data in the United
States accessed May 10, 2020 from https://github.com/nytimes/covid-19-
data.

Boston University School of Public Health COVID-19 US State Policy Database

accessed May 10, 2020 from https://github.com/USCOVIDpolicy/COVID-19-
US-State-Policy-Database.

United States Census American Community Survey accessed May 10, 2020
from https://www.census.gov/programs-surveys/acs/data.html.

Code availability (software application or custom code).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
BGK, RW, VS, NML, SH, and JY have no conflicts to disclose. MM: Dr.
McClellan is an independent board member for Alignment Health Care,

Cigna, and Johnson & Johnson. He co-chairs the Accountable Care Learning

Collaborative and the Guiding Committee for the Health Care Payment

Learning and Action Network; and serves as an advisor for Cota and MITRE.

Author details

1Margolis Center for Health Policy, Duke University, 230 Science Drive,
Durham, NC 27705, USA. *Population Health Sciences, Duke University
School of Medicine, Durham, NC, USA. *Center of Innovation to Accelerate

Discovery and Practice Transformation (ADAPT), Durham VA Medical Center,

Durham, NC, USA. “General Internal Medicine, Duke University School of
Medicine, Durham, NC, USA.

Received: 9 February 2021 Accepted: 8 June 2021
Published online: 28 June 2021

References
1. Centers for Disease Control. Severe Outcomes Among Patients with

Coronavirus Disease 2019 (COVID-19) — United States, February 12-March
16, 2020. Morbidity and Mortality Weekly Report Web site. https://www.cdc.

gov/mmwr/volumes/69/wr/mm6912e2.htmi#F1_down. 2020. Accessed 21
Mar 2020.

2. Centers for Disease Control and Prevention. Coronavirus Disease 2019
(COVID-19). Cases in the United States Web site. https://www.cdc.gov/
coronavirus/2019-ncov/cases-updates/cases-in-us.html. 2020. Accessed 25
May 2020.

3. Ferguson NM, Laydon D, Nedjati-Gilani G, et al. Report 9: Impact of non-
pharmaceutical interventions (NPIs) to reduce COVID-19 mortality and
healthcare demand. Imperial College COVID-19 Response Team;2020.

4. Courtemanche C, Garuccio J, Le A, Pinkston J, Yelowitz A. Strong social
distancing measures in the United States reduced the COVID-19 growth
rate. Health affairs (Project Hope). 2020;39:1237.

5. Matrajt L, Leung T. Evaluating the effectiveness of social distancing

interventions to delay or flatten the epidemic curve of coronavirus disease.

Emerg Infect Dis. 2020;26(8):1740.
6. Auger KA, Shah SS, Richardson T, Hartley D, Hall M, Warniment A, et al.

Association between statewide school closure and COVID-19 incidence and

20.

Page 6 of 6

mortality in the US. Jama. 2020;324(9):859-70. https.//doi.org/10.1001/jama.2
020.14348.

Kaufman BG, Whitaker R, Mahendraratnam N, Smith VA, McClellan MB.
Comparing Associations of State Reopening Strategies with COVID-19
Burden. J Gen Intern Med. 2020;35(12):3627-34. https://doi.org/10.1007/511
606-020-06277-0.

Pei S, Kandula S, Shaman J. Differential Effects of Intervention Timing on
COVID-19 Spread in the United States. medRxiv. 2020:2020.05.15.20103655.
https://doi.org/10.1101/2020.05.15.20103655.

Alagoz O, Sethi AK, Patterson BW, Churpek M, Safdar N. Impact of Timing of
and Adherence to Social Distancing Measures on COVID-19 Burden inthe
US: A Simulation Modeling Approach. medRxiv. 2020:2020.06.07.20124859.
https://doi.org/10.1101/2020.06.07.20124859.

Raifman J, Nocka K, Jones D, et al. COVID-19 US state policy database. 2020.
www.tinyurl.com/statepolicies 6 https://docs.google.com/spreadsheets. .
Accessed 26 May 2020.

New York Times. US COVID-19 Cases and Deaths Data by County Web site.
2020. https://raw.githubusercontent.com/nytimes/covid-19-data/master/us-
counties.csv. Accessed 6 May 2020.

US. Census Bureau, 2018 American community survey 1-year estimates.
2018. Accessed 26 May 2020.

Hawley S, Ali MS, Berencsi K, Judge A, Prieto-Alhambra D. Sample size and
power considerations for ordinary least squares interrupted time series
analysis: a simulation study. Clin Epidemiol. 2019;11:197-205. https://doi.
org/10.2147/CLEP.S176723.

Penfold RB, Zhang F. Use of interrupted time series analysis in evaluating
health care quality improvements. Acad Pediatr. 2013;13(6 Suppl):S38-44.
https://doi.org/10.1016/j.acap.2013.08.002.

Wooldridge J. Econometric Analysis of Cross Section and Panel Data. 2 ed:
mitpress; 2010.

Onukwugha E, Bergtold J, Jain R. A primer on marginal effects-part II: health
services research applications. PharmacoEconomics. 2015;33(2):97-103.
https://doi.org/10.1007/540273-014-0224-0.

Hsiang S, Allen D, Annan-Phan S, Bell K, Bolliger I, Chong T, Druckenmiller H,
Huang LY, Hultgren A, Krasovich E, Lau P, Lee J, Rolf E, Tseng J, Wu T. The
effect of large-scale anti-contagion policies on the COVID-19 pandemic.
Nature. 2020;584(7820):262-7. https;//doi.org/10.1038/541586-020-2404-8.
Giordano G, Colaneri M, Di Filippo A, et al. Modeling vaccination rollouts,
SARS-CoV-2 variants and the requirement for non-pharmaceutical
interventions in Italy. Nat Med. 2021. https://doi.org/10.1038/s41591-021-
01334-5.

Washington NL, Gangavarapu K, Zeller M, et al. Emergence and rapid
transmission of SARS-CoV-2 B.1.1.7 in the United States. Cell. 2021;184:2587.
Pagel C. There is a real danger that covid-19 will become entrenched as a
disease of poverty. Bmj. 2021,373:n986.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

 rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://github.com/nytimes/covid-19-data
https://github.com/nytimes/covid-19-data
https://github.com/USCOVIDpolicy/COVID-19-US-State-Policy-Database
https://github.com/USCOVIDpolicy/COVID-19-US-State-Policy-Database
https://www.census.gov/programs-surveys/acs/data.html
https://www.cdc.gov/mmwr/volumes/69/wr/mm6912e2.htm#F1_down
https://www.cdc.gov/mmwr/volumes/69/wr/mm6912e2.htm#F1_down
https://www.cdc.gov/coronavirus/2019-ncov/cases-updates/cases-in-us.html
https://www.cdc.gov/coronavirus/2019-ncov/cases-updates/cases-in-us.html
https://doi.org/10.1001/jama.2020.14348
https://doi.org/10.1001/jama.2020.14348
https://doi.org/10.1007/s11606-020-06277-0
https://doi.org/10.1007/s11606-020-06277-0
https://doi.org/10.1101/2020.05.15.20103655
https://doi.org/10.1101/2020.06.07.20124859
http://www.tinyurl.com/statepolicies
https://docs.google.com/spreadsheets
https://raw.githubusercontent.com/nytimes/covid-19-data/master/us-counties.csv
https://raw.githubusercontent.com/nytimes/covid-19-data/master/us-counties.csv
https://doi.org/10.2147/CLEP.S176723
https://doi.org/10.2147/CLEP.S176723
https://doi.org/10.1016/j.acap.2013.08.002
https://doi.org/10.1007/s40273-014-0224-0
https://doi.org/10.1038/s41586-020-2404-8
https://doi.org/10.1038/s41591-021-01334-5
https://doi.org/10.1038/s41591-021-01334-5

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Data and sample
	Statistical analysis

	Results
	Effects of social distancing orders on COVID-19 cases and deaths

	Discussion
	Conclusions
	Abbreviations
	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

