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Non-pharmaceutical interventions and covid-19 burden in the 
United States: retrospective, observational cohort study
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WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Non-pharmaceutical interventions are mitigation strategies used to reduce 

the spread of transmissible diseases
	⇒ Research has shown effectiveness of these interventions in mitigating 

acute transmission of respiratory viruses such as influenza and covid-19 in 
retrospective observational data and simulated modelling

	⇒ Quantified effect of different non-pharmaceutical interventions (individually 
and in combination) in respiratory viral pandemics has remained poorly 
defined

WHAT THIS STUDY ADDS
	⇒ In a univariate analysis, increased odds of a reduced covid-19 burden was 

associated with the implementation of all four interventions studied (stay-at-
home orders, severe indoor public gathering bans, indoor restaurant dining 
bans, and public mask mandates); these trends persisted in adjusted models

HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE, OR POLICY
	⇒ These results should encourage additional analysis of non-pharmaceutical 

interventions in the US and international populations for covid-19 and future 
respiratory viral pandemics

	⇒ These findings further support public policies using early and layered non-
pharmaceutical interventions for mitigating the transmission of respiratory 
pathogens

ABSTRACT
OBJECTIVE  To evaluate the adoption and 
discontinuation of four broadly used non-
pharmaceutical interventions on shifts in the 
covid-19 burden among US states.
DESIGN  Retrospective, observational cohort study.
SETTING  US state data on covid-19 between 19 
January 2020 and 7 March 2021.
PARTICIPANTS  US population with a diagnosis of 
covid-19.
MAIN OUTCOME MEASURES  Empirically derived 
breakpoints in case and mortality velocities (ie, 
rate of change) were used to identify periods 
of stable, decreasing, or increasing covid-19 
burden. Associations between adoption of non-
pharmaceutical interventions and subsequent 
decreases in case or death rates were estimated 
by use of generalised linear models accounting for 
weekly variability across US states. State level case 
and mortality counts per day were obtained from 
the Covid-19 Tracking Project. State level policies 
on non-pharmaceutical interventions included 
stay-at-home orders, indoor public gathering bans 
(mild >10 or severe ≤10 people), indoor restaurant 
dining bans, and public mask mandates. National 
policies were not included in statistical models.

RESULTS  28 602 830 cases and 511 899 deaths 
were recorded during the study. Odds of a reduction 
in covid-19 case velocity increased for stay-at-home 
orders (odds ratio 2.02, 95% confidence interval 
1.63 to 2.52), indoor dining bans (1.62, 1.25 to 2.10), 
public mask mandates (2.18, 1.47 to 3.23), and 
severe indoor public gathering bans (1.68, 1.31 to 
2.16) in univariate analysis. In mutually adjusted 
models, odds remained elevated for orders to stay 
at home (adjusted odds ratio 1.47, 95% confidence 
interval 1.04 to 2.07) and public mask mandates 
(2.27, 1.51 to 3.41). Stay-at-home orders (odds ratio 
2.00, 95% confidence interval 1.53 to 2.62; adjusted 
odds ratio 1.89, 95% confidence interval 1.25 to 
2.87) was also associated with a greater likelihood 
of decrease in death velocity in unadjusted and 
adjusted models.
CONCLUSIONS  State level non-pharmaceutical 
interventions used in the US during the covid-19 
pandemic, in particular stay-at-home orders, were 
associated with a decreased covid-19 burden.

Introduction
Non-pharmaceutical interventions are mitigation 
strategies that have been used to control the spread 
of transmissible diseases, epidemics, and pandemics 
for more than 100 years.1 2 During the covid-19 
pandemic, a variety of these interventions were 
adopted and discontinued by state governments. 
Strategies in the US included travel bans, decla-
rations of emergency situations, social distancing 
campaigns, self-quarantine on infection or known 
exposure, and universal facial masking recommen-
dations.3 4 These strategies were adopted and discon-
tinued with varying timing and relation to the severity 
of the pandemic across US states. Despite efforts to 
mitigate covid-19 spread, the US has reported more 
than 80 million cases and more than 1 million deaths 
related to covid-19.5 In 2020, covid-19 was the third 
leading cause of death in the US and was associated 
with a reduction in life expectancy of 1 year.6

Research on pandemic influenza has previously 
helped describe the use and effectiveness of non-
pharmaceutical interventions in the US.7–14 Some of 
the highest quality research evaluating positive effect 
of these interventions was performed by Markel 
et al, who evaluated US cities and six relatively 
isolated communities during the 1918-19 influenza 
pandemic.13 14 Although these studies were impor-
tant in demonstrating effect of non-pharmaceutical 
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interventions on highly transmissible respiratory 
illnesses, such strategies in most US communities 
did not prevent the spread of the 1918 influenza 
virus. In subsequent influenza pandemics, fewer 
non-pharmaceutical interventions were imple-
mented owing to milder observed case fatality 
ratios and suspected futility of intervention.2 15–18 
Quantified effect of different strategies (individually 
and in combination) on case and mortality burden of 
pandemic influenzas of varying transmissibility has 
remained poorly defined.

Since the onset of the covid-19 pandemic, 
several researchers have commented on the effect 
of non-pharmaceutical interventions and covid-19 
burden.19–22 Singh et al19 found that in the US from 
1 January to 3 June 2020, introducing such inter-
ventions can reduce covid-19 cases, but did not 
offer additional benefit after 12 weeks. Yang et al20 
found associations between reductions in the weekly 
effective reproductive numbers of covid-19 cases 
and multiple non-pharmaceutical interventions 
from 21 January to 5 July 2020. However, the heavy 
weighting on school closure in the study's model-
ling (association with covid-19 transmission was 
2.5 times stronger with school closure than with a 
stay-at-home order) was concerning for considerable 
confounding. These studies and others highlight that 
most research has focused on non-pharmaceutical 
interventions individually or in broad groups, not 
accounting for multiple interventions over time 
or the relative effectiveness of each in an effective 
manner.19–21 23–26 Studies focused in Europe27 28 and 
worldwide27 29 30 have also reported effectiveness of 
these interventions in the context of covid-19, with 
similar limitations and concerns.

This study aimed to evaluate the adoption 
and discontinuation of four broadly used non-
pharmaceutical interventions (stay-at-home order, 
indoor restaurant dining ban, public mask mandate, 
and indoor public gathering ban) on shifts in the 
covid-19 burden among US states.

Methods
Study design, setting, and population
We performed a retrospective, observational cohort 
study of the US population between 19 January 2020 
(first covid-19 diagnosis in the US) and 7 March 
2021. The primary analysis evaluated the dates of 
state specific adoption or discontinuation of non-
pharmaceutical interventions on covid-19 case and 
mortality rates.

Data collection
State level case and mortality counts per day were 
obtained from the Covid-19 Tracking Project,31 which 
aggregate public reports of covid-19 diagnostic and 
death certification data for the US. The data reported 
are obtained from state public health authorities or 

official media accounts.24 32 The dominant covid-19 
virus during the period of study was the original 
virus (SARS CoV-2), followed by the alpha variant 
(B.1.1.7) at the end of the observational period.33 34

We obtained dates for adoption and discontinu-
ation of non-pharmaceutical interventions studied 
from publicly available reports (online supplemental 
table S1).24 35–40 Policies that were incorporated into 
the analysis included orders to stay at home, indoor 
public gathering bans (mild or severe), indoor restau-
rant dining bans, and public mask mandates. We 
recorded dates for each policy adoption or discontin-
uation from 21 February 2020 to 29 January 2021 for 
the time dependent modelling. When sources were 
not in agreement with the date of adoption or discon-
tinuation, we reviewed executive orders and media 
outlet publications.

Definitions were set for each non-pharmaceutical 
intervention used. We defined indoor public gath-
ering bans with a maximum of 10 or fewer people as 
severe, and indoor public gathering bans with more 
than 10 people as mild. Indoor restaurant dining 
bans were adopted when indoor dining was banned 
and were discontinued when indoor dining was rein-
stated, regardless of capacity specification or outdoor 
dining policies. Public mask mandates also applied 
to indoor mandates, regardless of outdoor policy. We 
defined stay-at-home orders as any statewide policy 
ordering discontinuation of all non-essential travel 
from home.

Statistical analysis
We used each state’s daily case and death counts 
to model the rate of change in the number of cases 
and deaths due to covid-19 per week (velocity). We 
obtained case and death velocity by taking the first 
derivative with respect to time of the log cumulative 
daily case (and death) counts reported at the state 
level.41 We defined establishment of community 
transmission (≥100 confirmed cases for each state) 
as time zero. Cubic splines were fit to the log cumula-
tive counts to facilitate precise calculation of the first 
derivative with respect to time. We applied a log link 
to map the case (or death) velocities to the entire real 
line which allowed for modelling of velocities as a 
linear function.

We used a breakpoint analysis to evaluate changes 
in case velocity attributable to policy adoptions 
or discontinuations. This approach identifies time 
periods with deviations in the covid-19 case or death 
velocity rates. A change in covid-19 growth rate is 
determined if adding a new regression slope at a 
specific date decreases the residual sum of squares 
sufficiently to improve the bayesian information 
criterion. Breakpoints were empirically identified 
for each state using the strucchange R package for 
dating structural changes in regression models.42 
A minimal segment length of 14 days was set by 
specifying a minimum number of observations per 
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segment (14). As a result of the minimal segment size 
specification, each state had at most one breakpoint 
per 7 day week, which allowed for determination of 
whether a state experienced an increase, decrease, 
or no change in each week. We excluded breakpoints 
after 5 February 2021 for cases and 12 February 
2021 for deaths to align with the data of adoption 
and discontinuation dates of non-pharmaceutical 
interventions, which extended up to 29 January 
2021, plus anticipated lag time.

Assessments of the impact of policy adoption 
assumed prespecified lag times related to the natural 
course of transmission and disease. We estimated 
lags of 3-10 days from policy adoption to changes in 
transmission, 5-10 days from infection to covid-19 
diagnosis, and 6-15 days from covid-19 diagnosis to 
death (online supplemental material). Based on these 
intervals, we considered policies adopted between 0 
and 21 days (0-3 weeks; ie, lag time) before the start 
date in each week as potentially influential to case 
velocity. We considered policies adopted between 
seven and 35 days (1-5 weeks) before the start date 
of a given week as potentially significant to death 
velocity. We created generalised linear models from 
generalised estimating equations to evaluate policy 
changes in relation to shifts in covid-19 case and 
death velocities. We defined a three level outcome 
variable for case and death velocities (increase, no 
change, or decrease). Ordinal logistic regression with 
a cumulative logit link function modelled the prob-
ability of a state week corresponding to a decrease 
in case (or death) velocity versus no change, and no 
change versus an increase in case (or death) velocity.

We specified an independent working correlation 
structure to account for correlation within US states. 
We fit two sets of models that included a fixed effect 
for the given modelled policy (a separate unadjusted 
model for each policy), and a fixed effect for each 
policy (one adjusted model for all four policies). We 
subsequently describe this second set of models with 
the term mutually adjusted model in this article. 
Time variability shared across states was accounted 
for by including week number as a continuous fixed 
effect and using three change points to allow for 
piecewise trends during phases of the pandemic. 
We aligned four phases with the modelled calendar 
weeks (online supplemental material).

To account for uncertainty in our natural history 
estimations described, we performed a sensitivity 
analysis of shifting the lag time interval by 7 days 
before or 7 days after our base assumption of lag 
time (online supplemental material). The sensitivity 
analysis was a check to determine whether the lag 
times we chose up front (not biased by the data) 
were reasonable. We chose the lag times before anal-
ysis on the basis of what we thought was reasonable 
based on review of covid-19 transmission (online 
supplemental material). The analysis also explored, 
in a novel but limited fashion, how optimal lag 

times between adoption or discontinuation of non-
pharmaceutical interventions and potential impacts 
in covid-19 case or death velocity might differ by 
intervention.

Policy models were fit to data consisting of one 
observation per state, per week, starting with the first 
week in which a breakpoint was observed. To summa-
rise results from the cumulative logit model formula-
tion, we use the phrase "decrease in case velocity" to 
imply either the probability of observing a decreasing 
breakpoint versus no change or observing no change 
versus an increasing breakpoint. Analyses were 
performed in R 4.0.3 (R Foundation for Statistical 
Computing, Vienna, Austria).43

Patient and public involvement
Patients or the public were not involved in the design, 
or conduct, or reporting, or dissemination plans of 
this research.

Results
During the period studied, we recorded 28 602 830 
cases and 511 899 deaths, and a total of 409 adop-
tions and discontinuations of non-pharmaceutical 
interventions (online supplemental table S1). States 
were recorded and ranked by total cases per capita 
as of 7 March 2021 (online supplemental table S2). 
Timelines for the US states with the three highest 
and lowest case burdens of covid-19 are depicted as 
examples of variability in use of non-pharmaceutical 
intervention (figure 1).

Associations between non-pharmaceutical 
interventions and covid-19 case velocities
We identified 603 case breakpoints (table  1). A 
decrease in case velocity was observed in 433 
(71.8%) breakpoints and an increase in case velocity 
was observed in 170 (28.2%). Across all 50 US states, 
the median number of case breakpoints was 12 
(range 7-17). We graphed the number of breakpoints 
with an increase in case velocity and a decrease in 
case velocity chronologically (online supplemental 
figure S2), and plotted cumulative cases over time 
with their estimated breakpoints for the states with 
the three highest and lowest covid-19 burdens, 
according to cases per capita (figure  2). Plots of 
the derivative of the logarithm of cumulative cases 
(velocity) and the logarithm of the derivative of the 
logarithm (data implemented in modelling) for these 
states are available in online supplemental figures S4 
and S5).

Ordinal logistic regression models including 
a single policy adoption or discontinuation esti-
mated increased odds of a decrease in case velocity 
after adoption of stay-at-home orders (odds ratio 
2.02, 95% confidence interval 1.63 to 2.52), indoor 
restaurant dining bans (1.62, 1.25 to 2.10), public 
mask mandates (2.18, 1.47 to 3.23), and severe 
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indoor public gathering bans (1.68, 1.31 to 2.16). 
Adoption of a mild indoor public gathering ban was 
associated with decreased odds of a reduction in 
case velocity (0.51, 0.39 to 0.68; table 2). In sensi-
tivity analysis, discontinuation of indoor restaurant 
dining bans trended toward progressive association 
with decreasing odds of a reduction in case velocity 
as lag time was extended from baseline assump-
tions (ie, allowing additional time between policy 
discontinuation and measurement of effect; online 
supplemental eTable 1). The strongest association 
of decreased odds of a reduction in case velocity in 
sensitivity analysis was for a time lag time shifted 
7 days more distal than our base assumption (odds 
ratio 0.39, 95% confidence interval 0.26 to 0.60; 
online supplemental eTable 1). Progressive strength 
of association with increased lag time was also noted 

for both adoption and discontinuation of stay-at-
home orders, adoption of public mask mandates, 
and adoption of severe indoor public gathering bans 
(online supplemental eTable 1).

In mutually adjusted models, adoption of a stay-
at-home order was associated with decreasing case 
velocity (adjusted odds ratio 1.47, 95% confidence 
interval 1.04 to 2.07), as was adoption of a public 
masking mandate (2.27, 1.51 to 3.41). Adoption of 
a mild indoor public gathering ban was associated 
with a subsequent increase in case velocities (0.46, 
0.34 to 0.61), yet adoption of a severe indoor indoor 
public gathering ban trended toward the opposite 
association (1.38, 0.97 to 1.95; table  3). In sensi-
tivity analysis, adoption of indoor restaurant dining 
ban was associated with decreasing case velocity for 
a lag time shifted 7 days more distal than our base 
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Figure 1 | Timeline of non-pharmaceutical interventions for US states with the three lowest (top row) and three highest (bottom row) numbers of 
covid-19 cases per capita, as of 7 March 2021. For indoor public gathering bans, mild refers to gatherings of more than 10 people; severe refers to 
gatherings of 10 people or fewer. Numbers of covid-19 cases per capita per 100 000 people are Hawaii 2020, Vermont 2568, Maine 3422, Rhode 
Island 12 180, South Dakota 12 875, and North Dakota 13 208

Table 1 | Status of non-pharmaceutical interventions relative to covid-19 case and death rates in US states, per state week. Data are number (%) of 
state weeks of each breakpoint type falling within observation period for adoption or discontinuation of a non-pharmaceutical intervention (7-21 days 
for cases, 14-35 days for deaths)

Type and status of non-pharmaceutical 
intervention

Count of breakpoint types*

Case velocity
(2350 state weeks)

Death velocity
(2350 state weeks)

Decrease
(433 breakpoints)

No change
(1747 breakpoints)

Increase (170 
breakpoints)

Decrease (330 
breakpoints)

No change
(1889 breakpoints)

Increase (131 
breakpoints)

Stay-at-home order—on 45 (10.4) 72 (4.1) 0 53 (16.1) 103 (5.5) 0
Stay-at-home order—off 22 (5.1) 84 (4.8) 9 (5.3) 33 (10.0) 116 (6.1) 4 (3.1)
Indoor restaurant dining ban—on 52 (12.0) 109 (6.2) 1 (0.6) 57 (17.3) 157 (8.3) 2 (1.5)
Indoor restaurant dining ban—off 32 (7.4) 112 (6.4) 12 (7.1) 39 (11.8) 161 (8.5) 6 (4.6)
Public mask mandate—on 29 (6.7) 79 (4.5) 3 (1.8) 23 (7.0) 121 (6.4) 4 (3.1)
Indoor public gathering ban (mild)—on 38 (8.8) 154 (8.8) 18 (10.6) 59 (17.9) 210 (11.1) 10 (7.6)
Indoor public gathering ban (severe)—
on

62 (14.3) 123 (7.0) 1 (0.6) 65 (19.7) 177 (9.4) 4 (3.1)

Indoor public gathering ban—off 5 (1.2) 35 (2.0) 4 (2.4) 8 (2.4) 47 (2.5) 2 (1.5)

Velocity=rate of change in the number of cases and deaths due to covid-19 per week.
*Breakpoint segments were categorised as decreasing, no change, or increasing for the covid-19 case and death velocity analysis.
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assumption (2.05, 1.22 to 3.45; online supplemental 
eTable 2). Associations to case velocity were also 
strongest at a lag time 7 days greater lthan our base 
assumption for the adoption of indoor restaurant 
dining bans, discontinuation of indoor restaurant 
dining bans, and adoption of public mask mandates 
(online supplemental eTable 2).

Associations between non-pharmaceutical 
interventions and covid-19 death velocities
A total of 461 death breakpoints were identified 
(table 1). 330 (71.6%) of breakpoints corresponded 
to a decrease in death velocity and 131 (28.4%) 
corresponded to an increase in death velocity. Across 
all 50 US states, the median number of death break-
points was 9 (range 4-17; online supplemental figure 
S3). We plotted cumulative deaths over time with 
their estimated breakpoints for the states with the 
three lowest or highest number of covid-19 cases 
per capita (online supplemental figure S6). Plots of 
the derivative of the logarithm of cumulative deaths 

(velocity) and the logarithm of the derivative of 
the logarithm (data implemented in modelling) for 
these states are available in the online supplemental 
figures S7 and S8.

Ordinal logistic regression models including a 
single policy estimated increased odds of a decrease 
in death velocity after adoption of stay-at-home 
orders (odds ratio 2.00, 95% confidence interval 
1.53 to 2.62), indoor restaurant dining bans (1.50, 
1.15 to 1.95), and severe indoor public gathering 
bans (1.45, 1.12 to 1.88; table 2). In sensitivity anal-
ysis, adoption of public mask mandate was associ-
ated with a decrease in death velocity for a lag time 
shifted 7 days more distal than our base assumption 
(1.84, 1.29 to 2.62; online supplemntal eTable 1). 
Associations to death velocity were also strongest 
at 7 days greater lag time than our base assump-
tion for adoption of stay-at-home orders, adoption 
of indoor restaurant dining bans, and adoption of 
severe indoor public gathering bans (online supple-
mental eTable 1). In mutually adjusted models, insti-
tution of an order to stay at home was associated 
with decreasing death velocity (adjusted odds ratio 
1.89, 95% confidence interval 1.25 to 2.87; table 3). 
Adoption of indoor restaurant dining bans (1.74, 
1.15 to 2.63) and adoption of public mask mandates 
(1.95, 1.35 to 2.82) were associated with a decrease 
in death velocity for the more distally shifted lag time 
(online supplemental eTable 2).

Discussion
Principal findings
In our study, we found associations between the 
adoption of multiple non-pharmaceutical interven-
tions and decreasing covid-19 case and mortality 
burdens in the US. With respect to cases, our adjusted 
time dependent models found that stay-at-home 
orders and public mask mandates were associated 
with decreases in the rate of new diagnoses of covid-
19. Even after adjusting for three other concurrently 
adopted interventions, public mask mandates were 
associated with over twice the likelihood of reduced 

Table 2 | Association between non-pharmaceutical interventions and odds of decreasing covid-19 case and death 
burden in US state level data: one model per intervention

Type and status of non-pharmaceutical intervention

Covid-19 cases Covid-19 deaths

Odds ratio (95% CI) P value Odds ratio (95% CI) P value

Stay-at-home order—on 2.02 (1.63 to 2.52) <0.001 2.00 (1.53 to 2.62) <0.001
Stay-at-home order—off 0.87 (0.53 to 1.42) 0.57 1.21 (0.89 to 1.63) 0.22
Indoor restaurant dining ban—on 1.62 (1.25 to 2.10) <0.001 1.50 (1.15 to 1.95) 0.002
Indoor restaurant dining ban—off 0.94 (0.60 to 1.45) 0.77 1.04 (0.78 to 1.41) 0.76
Public mask mandate—on 2.18 (1.47 to 3.23) <0.001 1.39 (0.94 to 2.05) 0.10
Indoor public gathering ban (mild)—on 0.51 (0.39 to 0.68) <0.001 0.86 (0.62 to 1.18) 0.34
Indoor public gathering ban (severe)—on 1.68 (1.31 to 2.16) <0.001 1.45 (1.12 to 1.88) 0.004
Indoor public gathering ban—off 0.64 (0.29 to 1.40) 0.27 1.19 (0.65 to 2.19) 0.57

CI=confidence interval. An odds ratio greater than 1 is associated with an increased probability that the covid-19 case or death velocities decreased. Each non-
pharmaceutical intervention analysed in an individual model. For indoor public gathering bans, mild refers to gatherings of more than 10 people; severe refers 
to gatherings of 10 people or fewer. Indoor restaurant dining bans were adopted when indoor dining was banned and were discontinued when indoor dining 
was reinstated, regardless of capacity specification or outdoor dining policies.

Figure 2 | Cumulative covid-19 cases and the breakpoints identified for US states with 
three lowest and highest covid-19 cases per capita, as of 7 March 2021. Breakpoints, 
dates when linear segments of covid-19 case velocities showed substantial change in 
rate, were plotted over the linear plot of cases for each respective US state
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covid-19 transmission. Public mask mandates could 
encourage behavioural modifications as well as 
directly reduce the odds of transmission by using 
a physical barrier.44 45 Covid-19 is now understood 
to be transmitted primarily through aerosol spread 
in close contact.46 The US state level observations 
provide support for mask mandates in reducing the 
case burden of respiratory epidemics or pandemics.

US states that adopted mild indoor gathering bans 
had increases in covid-19 case burden relative to 
states that did not adopt a mild indoor public gath-
ering ban. Results from the mutually adjusted policy 
model suggested indoor restaurant dining bans and 
severe indoor public gathering bans could be associ-
ated with decreased case velocity (both P<0.10). We 
found a stronger direction of association with a lag 
time 7 days more distal than our base assumption, 
suggesting that indoor dining bans and severe indoor 
public gathering bans might take longer to confer 
reductions in case burden.

Overall, we found that gathering bans with limits 
of more than 10 people were insufficient and were 
associated with exacerbation of covid-19 spread, 
possibly because US states often selected these bans 
as an alternative to the more effective severe ban. 
Furthermore, different non-pharmaceutical interven-
tions could have been associated with increases or 
decreases in covid-19 burden owing to behavioural 
changes linked to the intervention but not specifi-
cally resolved by it. For example, indoor public gath-
ering bans with maximums greater than 10 people 
might not inherently be ineffective in decreasing the 
burden of covid-19, but they could elicit a different 
generalised public response, especially relative to 
those severe bans limiting gatherings to 10 people 
or fewer. Brauner et al28 made a related finding 
of progressively stricter gathering bans inferring 
decreased covid-19 burden, including a median 
reduction greater than 35% in instantaneous repro-
duction number associated with the policy adoption 
of gatherings limited to 10 people or fewer. Overall, 
these observations are consistent with concerns 

regarding the indoor transmission of covid-19 
among large groups of individuals in public settings. 
Policies of non-pharmaceutical interventions that 
discourage large gatherings are effective at reducing 
respiratory transmission.

With respect to mortality, stay-at-home orders 
were associated with decreasing covid-19 mortality 
in unadjusted and adjusted models, and in all sensi-
tivity analyses considered. Additionally, adoption of 
indoor restaurant dining bans and adoption of public 
mask mandates were associated with decreasing 
covid-19 mortality in unadjusted and adjusted 
models incorporating a lag time 7 days more distal 
than our base assumption. One explanation of this 
finding is that the peak onset of effect of these four 
non-pharmaceutical interventions could differ. 
Adoption of indoor restaurant dining ban and public 
mask mandate might take longer to confer benefit, 
while stay-at-home orders could confer more imme-
diate and sustained benefit. Despite some suggestion 
of benefit in some non-pharmaceutical interventions 
with respect to mortality, overall, the strengths of 
association were more profound for cases than for 
deaths. Sample size limitations, limited variation in 
timing of policies adopted, and temporal variation 
in the progression of covid-19 to death all limit our 
ability to attribute deviations in daily death counts 
to specific policy actions. Furthermore, interven-
tions that are associated with case reductions but 
not mortality could reflect a shift towards infection 
among younger cohorts at lower risk for death. This 
observation might be particularly true for the public 
mask mandates, which appeared in later phases of 
the covid-19 pandemic.

Comparison with previous studies
Our modelling approach allowed us to evaluate the 
merits of various non-pharmaceutical interventions 
concomitantly in a time dependent fashion. Previous 
studies have generally focused on pandemic influ-
enza and relied on expert opinion or modelling rather 
than real world data.7 9 13 26 47 In fact, the most recent 

Table 3 | Association between non-pharmaceutical interventions and odds of decreasing covid-19 case and death 
burden in US state level data: one model including all interventions

Type and status of non-pharmaceutical intervention

Cases Deaths

Adjusted odds ratio (95% CI) P value Adjusted odds ratio (95% CI) P value

Stay-at-home order—on 1.47 (1.04 to 2.07) 0.03 1.89 (1.25 to 2.87) 0.003
Stay-at-home order—off 0.93 (0.56 to 1.55) 0.79 1.28 (0.89 to 1.85) 0.19
Indoor restaurant dining ban—on 1.47 (0.96 to 2.26) 0.07 1.15 (0.76 to 1.74) 0.50
Indoor restaurant dining ban—off 1.25 (0.77 to 2.03) 0.37 1.13 (0.81 to 1.59) 0.48
Public mask mandate—on 2.27 (1.51 to 3.41) <0.001 1.45 (0.97 to 2.17) 0.07
Indoor public gathering ban (mild)—on 0.46 (0.34 to 0.61) <0.001 0.78 (0.56 to 1.09) 0.15
Indoor public gathering ban (severe)—on 1.38 (0.97 to 1.95) 0.07 1.08 (0.72 to 1.64) 0.69
Indoor public gathering ban—off 0.64 (0.30 to 1.39) 0.26 1.16 (0.62 to 2.17) 0.64

CI=confidence interval. An adjusted odds ratio greater than 1 is associated with an increased probability that the covid-19 case or death velocities decreased. 
All four non-pharmaceutical interventions were included as covariates in this model. For indoor public gathering bans, mild refers to gatherings of more 
than 10 people; severe refers to gatherings of 10 people or fewer. Indoor restaurant dining bans were adopted when indoor dining was banned and were 
discontinued when indoor dining was reinstated, regardless of capacity specification or outdoor dining policies.
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pandemic influenza plan by the US Department 
of Health and Human Services described study of 
non-pharmaceutical interventions in the status of 
a data collection phase.26 Some retrospective data 
regarding these interventions and viral pandemics 
have been published. An analysis of US cities found 
an association between increased duration of non-
pharmaceutical interventions and total mortality 
reduction.13 Auger et al24 found that school closures 
were associated with decreased covid-19 incidence 
and mortality but adjustment for other interventions 
was not included. Bendavid et al48 reported, in an 
international comparison of 10 countries including 
the US, no observable benefit of more restrictive non-
pharmaceutical interventions (stay-at-home order, 
non-essential business closures) compared with less 
restrictive interventions (social distancing guide-
lines, discouraging travel, and ban on large gath-
erings). We find the limited sample size and lack of 
variation in this study makes an absence of evidence 
conclusion difficult. Brauner et al28 found an addi-
tional inferred decrease in instantaneous reproduc-
tive numbers with a stay-at-home order even when 
accounting for gathering bans, business closure 
mandates, and school closures.

Although our analysis used a different method-
ological approach and set of non-pharmaceutical 
interventions, we also found an additional associa-
tion of benefit for the interventions—including when 
we accounted for other interventions adopted. Our 
analysis found that both the strength and the direc-
tion of benefit related to severity of a gathering ban 
is important when assessing transmission dynamics. 
We found associations between multiple non-
pharmaceutical interventions and decreased case 
burden of covid-19 in adjusted models (stay-at-home 
order, public masking mandate, and severe gath-
ering ban), which is supportive of previous expert 
opinions encouraging early, sustained, and layered 
application of these interventions to mitigate conse-
quences of pandemic viral disease.

Limitations of the study
Our analyses included several limitations. US state 
government enforcement of recommendations and 
policies varied. The public adherence to stated poli-
cies might vary owing to regional differences in pref-
erences and beliefs. We did not attempt to measure 
markers of behavioural change based on the adop-
tion or discontinuation of policies, and focused 
primarily on outcomes such as known transmis-
sion and deaths. We used a breakpoint analysis of 
smoothed count data (7 day averages) to analyse time 
periods characterised by similar case velocities. This 
statistical approach allowed for aggregating time 
periods across the limited sample of states (n=50). 
Our model did not adjust for national recommenda-
tions and policies. The two most prominent of these 
announcements included the Centres for Disease 

Control and Prevention recommendation of wearing 
cloth face coverings in public from 3 April 20204 
and "The President’s Coronavirus Guidelines for 
America" enacted 16 March 2020, which included 
avoiding non-essential travel and avoiding social 
gatherings in groups of more than 10 people.3

Additionally, this study did not account for county 
or municipal level variation in policies of non-
pharmaceutical interventions. The early period of 
the covid-19 pandemic in the US probably had lower 
rates of case ascertainment and differences in testing 
capacity between states. Although we cannot explic-
itly control testing capacity and policy by state in the 
statistical models, the availability of diagnostic tests 
grew linearly during the period of analysis and there-
fore would be unlikely to explain shifts in either case 
or death velocities.

This analysis was unable to evaluate the impact 
of non-pharmaceutical interventions with substan-
tial temporal overlap, such as school closures, and 
the impact of multiple interventions adopted during 
concomitant periods could contribute to instability of 
estimates. We believe that this limitation of temporal 
overlap should be noted in prior publications.19 20 24 
To resolve this limitation, we selected a smaller subset 
of interventions for evaluation. However, collinearity 
of these interventions limits our ability to draw the 
strongest conclusions, but this limitation is inherent 
in the data and non-experimental design. Although 
one alternative would have been to present model 
estimates from univariate analysis only, we believe 
that the exploratory multiple regression analyses are 
informative. Evaluation of our models for high corre-
lation (online supplemental material) was reassuring 
and within expectations for non-pharmaceutical 
interventions adopted and discontinued at similar 
dates.

We acknowledge that lower socioeconomic status 
could associate with a higher covid-19 burden49–51 
and could even vary at the state level.19 20 We expect 
that socioeconomic factors were generally static 
during our study, especially in comparison with the 
exponential increases and decreases in covid-19 
case or death velocities and the frequent adoption 
or discontinuation of the four non-pharmaceutical 
interventions observed. Although socioeconomic 
factors would influence the intercept of our models, 
we would not expect changes in case velocity on a 
week by week basis to be attributable. Importantly, 
the Coronavirus Aid, Relief, and Economic Security 
Act (CARES Act), passed by the US Congress and 
signed into US law on 27 March 2020, homogenised 
unemployment benefits in the US for most of the 
duration of our study in both length and amount of 
benefit.52

Our model also relied on several unverified 
assumptions, such as the length and placement of 
the policy adoption window relative to a given week, 
and the minimal segment specification of two weeks 
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for breakpoint identification. Although these deci-
sions were based on expert knowledge and review 
of the literature, the impact of these assumptions is 
unknown. Furthermore, any uncertainty in the estab-
lishment of the empirically estimated breakpoints 
was not reflected in the subsequent policy models, 
which suggests less precision in our final estimates. 
We believe that the breakpoint analysis is a more 
blinded approach to segmenting shifts in case and 
death counts, compared with arbitrary decisions to 
create time cutpoints for pandemic waves that have 
the potential to introduce bias. Finally, although 
all four of the non-pharmaceutical interventions 
studied were associated with a decrease in covid-19 
cases over the period of study in univariate analysis, 
we acknowledge that the effect of these interventions 
on the total number of covid-19 cases and deaths 
during the ongoing covid-19 pandemic is not known.

Conclusion
Adoption of several non-pharmaceutical interven-
tions used by US states during the covid-19 pandemic 
were associated with subsequent decreases in 
covid-19 case burden. When accounting for the 
adoption of all four interventions modelled, a stay-
at-home order was the most strongly associated 
with decreases in covid-19 mortality. Both restau-
rant dining and severe indoor public gathering bans 
(limiting to <10 people) were more strongly asso-
ciated with reductions in transmission compared 
with mild indoor public gathering bans (limiting 
to >10 people). These findings reinforce efforts to 
deploy non-pharmaceutical interventions early and 
encourage adherence to limit the spread of dangerous 
respiratory epidemics.
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