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ABSTRACT Evidence for the effectiveness of masking on SARS-CoV-2
transmission at the individual level has accumulated, but the additional
benefit of community-level mandates is less certain. In this observational
study of matched cohorts from 412 US counties between March 21 and
October 20, 2020, we estimated the association between county-level
public masking mandates and daily COVID-19 case incidence. On average,
the daily case incidence per 100,000 people in masked counties
compared with unmasked counties declined by 25 percent at four weeks,
35 percent at six weeks, and 18 percent across six weeks postintervention.
The beneficial effect varied across regions of different population
densities and political leanings. The most concentrated effects of masking
mandates were seen in urban counties; the benefit of the mandates was
potentially stronger within Republican-leaning counties. Although
benefits were not equally distributed in all regions, masking mandates
conferred benefit in reducing community case incidence during an early
period of the COVID-19 pandemic.

A
s COVID-19 emerged in the US in
early 2020, federal, state, and local
authorities responded in a variety
of ways to try to curb community
transmission of the SARS-CoV-2,

the coronavirus that causes COVID-19. One of
these responses was the wearing of face cover-
ings, or masks. By April 2020 the wearing of
masks in public became the recommendation
of the Centers for Disease Control and Preven-
tion (CDC), but the federal government did not
issue a mandate. Subsequently, many states and
counties established their own mandates of who
should wear masks and when, and how public
masking would be enforced. Between April and
September 2020, the timing of these masking
mandates was highly variable throughout the
country. By the fall of 2020, guidance from local
health authorities converged so that universal
masking in public locations, alongside recom-

mendations for social distancing, had become
the norm in most regions.
The evidence for the effectiveness of masking

at the individual level has been strong1–4 for vi-
ruses that, similar to SARS-CoV-2, spread prin-
cipally through close contact with an infected
person.5–9 However, the incremental benefit of
community-levelmandates beyond public health
guidance has been less certain. Studies that have
assessed the influence of community-directed
maskingmandates often compare states or coun-
tries that are quite heterogeneous in demogra-
phy.10–12 Smaller studies of county-level masking
mandates have relied on pre-post comparisons
of case incidence13 or have compared counties
without adjusting for the propensity to man-
date14–17—approaches that may be fraught with
bias from secular trends18 and unmeasured con-
founding.
Although randomized clinical trials, consid-

doi: 10.1377/hlthaff.2021.01072
HEALTH AFFAIRS 41,
NO. 3 (2022): 445–453
©2022 Project HOPE—
The People-to-People Health
Foundation, Inc.

Jing Huang (jing14@
pennmedicine.upenn.edu),
University of Pennsylvania
and Children’s Hospital of
Philadelphia, Philadelphia,
Pennsylvania.

Brian T. Fisher, University of
Pennsylvania and Children’s
Hospital of Philadelphia.

Vicky Tam, Children’s Hospital
of Philadelphia.

Zi Wang, Children’s Hospital
of Philadelphia.

Lihai Song, Children’s Hospital
of Philadelphia.

Jiasheng Shi, University of
Pennsylvania and Children’s
Hospital of Philadelphia.

Caroline La Rochelle,
Children’s Hospital of
Philadelphia.

Xi Wang, Children’s Hospital
of Philadelphia.

Jeffrey S. Morris, University
of Pennsylvania.

Susan E. Coffin, University of
Pennsylvania and Children’s
Hospital of Philadelphia.

David M. Rubin, University of
Pennsylvania and Children’s
Hospital of Philadelphia.

March 2022 41 :3 Health Affairs 445

COVID-19

Downloaded from HealthAffairs.org on August 15, 2023.
Copyright Project HOPE—The People-to-People Health Foundation, Inc.

For personal use only. All rights reserved. Reuse permissions at HealthAffairs.org.



ered the “gold standard” for evaluating interven-
tion effects, might not be practical for studying
the effect of masking mandates, the variation in
timing of the enactment of maskingmandates at
the county level during the early period of the
pandemic offers an opportunity to assess the
impact of county-level mandates on subsequent
case incidence via a pragmatic quasi-experimen-
tal comparative effectiveness study. In this ob-
servational studywe strove to emulate a trial that
randomly assigned counties to a masking man-
date versusnomandatebyusingamatched study
design19 to compare the effectiveness of county-
level masking mandates on subsequent county-
level case incidence during the period of April–
August 2020. The primary objective was to de-
termine the impact of masking mandates on the
trajectory of county-level COVID-19 case inci-
dence and to further assess the impact of mask-
ing mandates across regions of different urban-
icity and political leaning.

Study Data And Methods
County Eligibility And Case Incidence Data
Data on COVID-19 county-level case incidence
for all US counties were obtained fromUSAFacts
.org.20 To create a representative sample of US
areas affected by the pandemic, we designed the
eligibility criteria for this analysis to include
either densely populated areas or counties with
moderate-to-substantial community transmis-
sion, including areas affected by the second
wave of the pandemic in the summer of 2020.
Starting in April 2020, thirty-eight US states and
Washington, D.C., issued state-level masking
mandates, and thirty-four (nearly 90 percent)
of them started before September 2020.21 To
be considered eligible, a county had to have at
least three consecutive days of daily case count
exceeding five as of August 31, 2020, andmeet at
least oneof the following criteria: contain at least
one city with a population exceeding 100,000
people, contain a state capital, be the most pop-
ulated county in the state, or have an average
daily case incidence that exceeded twenty during
July 1–August 31, 2020. The incidence threshold
of twenty was selected on the basis of empirical
distribution of case counts in the observation
period. A total of 569 counties, representing
forty-six states and Washington, D.C., were
eligible for this study.
Exposure The exposure of interest was the

date of initiation of a public masking mandate
for a county, issued by either the state or county
government (time zero). These data were cap-
tured from a review of local news reports, execu-
tive orders, municipality websites, the COVID
Analysis and Mapping of Policies database at

GeorgetownUniversity,22 and theNewYorkTimes
state-level reopening tracker.23 For a county to be
considered as exposed for this analysis (that is,
under a masking mandate), the mandate order
needed to be posted between April 1 and August
31, 2020, and—atminimum—require thatmasks
be worn by employees and customers inside
public-facing buildings. If the state or county
did not have a masking mandate but we identi-
fied any city in the county that had one, that
county was deemed to have a masking mandate
for this analysis. The first and last maskingman-
dates among the 569 counties were observed
April 4 andAugust 25, 2020. Case incidence data
were collected from March 21 to October 20,
2020, to allow for a preintervention observation
period of a minimum of two weeks and a post-
intervention period of at least eight weeks.
Matching Algorithm Each exposed county

was matched one to one with a county from a
risk set of unexposed counties that was assem-
bled from within the same region—but not with-
in the same metropolitan area—as the exposed
county, basedon information from theBureauof
Economic Analysis.24 To be eligible to serve as an
unexposed countymatch to an exposed county, a
county had to have nomaskingmandates at least
three weeks past the date of the mandate for the
exposed county.Whenmore thanone unexposed
county was available from a risk set, a nearest-
neighbor matching was used to select the un-
exposed match on the basis of the following
variables: population density, total population,
presidential election voting patterns in 2016,
and case incidence and instantaneous reproduc-
tion number (Rt) in the two weeks before time
zero. The matching procedure proceeded chro-
nologically through each exposed county to
identify a corresponding risk set of potential
unexposed counties. Because risk sets were de-
fined on the basis of the timing of making man-
dates, unexposed counties could be matched to
multiple exposed counties, and an unexposed
county could later become an exposed county
(online appendix exhibit S1).25

Population density and total population were
log-transformed before analysis because of the
significant skewness for the largest cities. Coun-
ty-level daily incidence (cases per 100,000) and
Rt were categorized as the twenty-fifth, fiftieth,
and seventy-fifth percentiles for the two weeks
before time zero.26–28 Rt was estimated using
the method of Anne Cori and colleagues,26 with
a moving average window of three days, as com-
monly used in models of transmission of SARS-
CoV-2 andother communicable diseases.29–34 The
generation time was assumed to follow a gamma
distributionwithameanof 7.5daysandstandard
deviation of 3.4 days, according to a previous
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epidemiological survey of the first 425 COVID-
19 cases in Wuhan, China.34 Matching on these
variables was based on the nearest Euclidean
distance.35,36 All matching variables were stan-
dardized bymean and standard deviation to give
them equal weight.

Outcome The primary outcome was the coun-
ty-level daily COVID-19 case incidence over the
course of six weeks after masking mandate initi-
ation. The daily incidence (cases per 100,000)
was captured from time zero to six weeks post-
mandate (primary and secondary analyses) and
from time zero to eightweeks postmandate (sen-
sitivity analysis in a subset of counties). The re-
ported daily incident COVID-19 case counts were
smoothed using a three-day rolling average to
reduce extra noise that was a result of batch
reporting.

Covariates County-level covariates with the
potential to confound the analysis results were
considered for each model, including social dis-
tancing, population density, wet-bulb tempera-
ture, proportion of county residents with diabe-
tes, and proportion of county residents earning
less than 200 percent of the federal poverty
level. Social distancing was quantified using
daily cellphone movement provided by Unacast
(which collects and aggregates human mobility
data),37 measuring the percentage change in vis-
its to nonessential businesses within each coun-
ty compared with visits in a four-week prepan-
demic baseline period between February 10 and
March 8, 2020. Regarding wet-bulb tempera-
ture, it has been demonstrated that humidity
and temperature both play a role in the season-
ality of influenza, and earlier studies also re-
ported significant effect of temperature and
humidity on SARS-CoV-2 transmission.34,38,39 For

this reason, we used wet-bulb temperature, a
metric that captures the complex thermodynam-
ic relationship of temperature and humidity, has
been shown to predict human health events with
more precision than temperature and humidity
separately, and avoids the associated problem of
collinearity.40,41 We used a rolling average of the
social distancing metric and wet-bulb tempera-
tures from four to fourteendays before case iden-
tification to account for the incubation period
of COVID-19.34 Nonlinear effects for wet-bulb
temperatures, obtained from National Oceanic
and Atmospheric Administration Local Climato-
logical Data,42 were included, as described in
previous work modeling the effect of climate on
SARS-CoV-2 transmission.34 Diabetes and pover-
ty covariates were abstracted from the Census
Bureau’s American Community Survey,43 Behav-
ioral Risk Factor Surveillance System,44 ArcGIS
Business Analyst,45 and Multi-Resolution Land
Characteristics Consortium.46 County-level cova-
riates were standardized by mean and standard
deviation before analysis.
Primary AnalysisDatawere assessed for out-

liers relative to the Rt before analysis. Days with
an Rt value outside of the 2.5–97.5 percentiles
(Rt of 0.33 at the 2.5 percentile and 3.51 at the
97.5 percentile)were excluded from the analysis.
Generalized linear mixed effects models were fit
in a matched pair analysis to evaluate the associ-
ation between exposures and outcomes, using a
log link function while adjusting for covariates.
Hierarchical random intercept and slope were
used to account for correlations within the
matched group and each individual county sep-
arately. We modeled the nonlinear trajectories
of disease transmission over time, using cubic
B-spline functions with no interior knots, and
we compared trajectories between exposed and
unexposed counties, using interactions between
time and exposure. The time variable was de-
fined as the difference between the date of case
identification and the date of onset for themask-
ing mandate. The adjusted ratios of moment-in-
time case countswere estimated at two, four, and
six weeks and averaged over the course of six
weeks after mandate initiation.
Secondary Analysis The ratio of daily case

counts was also assessed across two subgroups.
The first subgroup analysis examined counties
by presidential voting behavior in the 2016 elec-
tion,47 contrasting counties that voted majority
Republican (more than 50 percent of the vote
went to the Republican presidential candidate)
versus counties votingmajority Democrat (up to
50 percent of the vote went to the Republican
candidate). The second examined counties with
high population density, which included more
urban settings with 200–2,000 people per

Masking mandates
likely conferred
benefit in reducing
community
transmission rates
and case incidence
during the initial
months of the
pandemic.
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square mile, versus those with low population
density, which included the most rural or subur-
ban settings in which population density was
lower than 200 people per square mile.
Sensitivity Analysis Our analysis of model

robustness considered different criteria for se-
lecting unexposed counties during matching.
First, we removed pairs whose intercounty dis-
tance was greater than 1,000 miles to reduce
heterogeneity between counties (reducing our
sample by 3.7 percent of matched pairs), as well
as counties that were within 100 miles of each
other to reduce interdependence of effects with-
in metropolitan areas (reducing our sample by
9.4 percent of matched pairs). Second, we exam-
ined the additional longitudinal effects of ex-
tending the postmandate period to eight weeks.
For this analysis, the minimum time to be with-
out a masking mandate to be considered an un-
exposed county was extended from three to five
weeks after mandate inception in the exposed
county. We also added constraints to matching
with replacement to ensure that a selected un-
exposed county could not be chosenwithin eight
weeks of its inclusion in the study. By doing this,
we could still use a county multiple times as a
control, but there were no overlapping periods
included within counties. This analysis reduced
the matched pairs to 45.9 percent of the original
matched pairs.
Limitations Our approach was not without

limitations. First, unobserved heterogeneity
across countiesmay have contributed to residual
confounding. For example, exposed and un-
exposed counties could have had differential
rates of local gathering events or different non-
pharmaceutical interventions such as business
closures. However, a tipping-point analysis,48,49

described in the appendix,25 revealed that the
magnitude of effect would have needed to be
quite large to overturn the results. It would also
be difficult to invoke other community or state
mitigation strategies as potential confounders,
given that many businesses were reopening
during this period but schools had not yet
opened across the country. Second, because
publicly available information on county mask
mandates was sometimes contradictory, un-
clear, or incomplete, misclassification of the ex-
posure was possible, which could bias estimates
of effect. To address this concern, we repeated
the process for county exposure assignment us-
ing updated public records available on local
municipalitywebsites and localnewsmedia.This
review did identify some misclassification of
exposure, but repeated analyses with updated
exposure classification revealed that the impact
of this bias was likely small and in the direction
of biasing toward the null. Similarly, our mea-

surement of social distancing did not fully cap-
ture the impact of business reopenings during
this period; thus, wemight have biased results to
the null.
Third, exposed and unexposed counties could

have sustained differential SARS-CoV-2 trans-
mission rates related to higher or lower inci-
dence rates inneighboring counties and regions.
However, our findings were robust in sensitivity
analyses that excluded matched pairs that were
either close or distant in proximity. Fourth, it is
possible that unexposed counties could have in-
stituted a masking mandate in the latter days of
the follow-up period, which could have biased
estimates toward the null. In the sensitivity anal-
ysis that extended the follow-up period to eight
weeks postmandate, we extended the criterion
for nomask requirement in the unexposed coun-
ty from three to five weeks; the analysis revealed
similar findings. Finally, our resultsmightnotbe
transportable to counties with smaller popula-
tion densities, given that most of the analyzed
counties have higher population density, or gen-
eralizable to later periods, when higher popula-
tion immunity was attained through either nat-
ural infection or acquired vaccination.

Study Results
The matching procedure, which leveraged coun-
ty exposure assignment based on our review of
public records available on local municipality
websites and local news media, produced 351
matched county pairs identified across 412
unique counties (56.0 percent of the US popula-
tion). A list of the matched pairs and daily
COVID-19 case incidence per 100,000 people
during the two weeks before masking mandates
in the mandate groups is in exhibits S2 and S3.25

Exhibit 1 demonstrates the distribution of base-
line variables between matched counties. Imbal-
ance was still observed aftermatching. Variables
that had more than 0.1 standardized difference
were included in the regression model as base-
line covariates. Estimates of regression coeffi-
cients are in appendix section A4.25

Primary Analysis Across time, the estimated
daily case incidence per 100,000 people in
masked counties was 75 percent of case inci-
dence in unmasked counties (95% confidence
interval: 67, 83) at four weeks and 65 percent
(95% CI: 58, 74) at six weeks postintervention
(exhibit 2 and appendix exhibit S4).25 Aggregat-
ed across all six weeks, the average case inci-
dence in masked counties was 82 percent
(95% CI: 75, 90) of the case incidence experi-
enced in unmasked counties. Exhibit 3 shows
predicted postestimation trajectories of daily
case counts per 100,000 people over the period
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of two weeks premandate to six weeks postman-
date, conditioned on all counties having or not
having themandate. Time to peak incidence was
reduced (sixteen versus twenty-two days be-
tween counties with mandate and those with-
out), alongside a widening difference in daily
case incidence over time in the setting of mask-
ing mandates.

Secondary Analyses Across subgroups, the
daily case incidence per 100,000 people among
Republican-leaning counties with a masking
mandate was reduced to 66 percent (95% CI:
57, 76) and 61 percent (95% CI: 52, 73) relative
to Republican-leaning counties without a mask-
ing mandate at four and six weeks after onset of
the intervention, respectively (exhibit 2 and ap-
pendix exhibit S4).25 Thedaily case incidenceper
100,000 people among Democrat-leaning coun-
ties with a masking mandate was reduced to
79 percent (95% CI: 67, 93) and 65 percent
(95% CI: 53, 80) relative to Democrat-leaning

counties without a maskingmandate at four and
six weeks after intervention, respectively.
Urban counties were also uniquely influenced

by masking mandates compared with more sub-
urban and rural counties. The daily case inci-
dence per 100,000 people for urban counties
with a masking mandate was reduced to 71 per-
cent (95% CI: 63, 81) and 64 percent (95% CI:
55, 74) relative to urban counties without a
masking mandate at four and six weeks after
intervention, respectively. This compares with
moment-in-time effects among rural and subur-
ban counties of 81 percent (95%CI: 66, 101) and
64 percent (95%CI: 51, 82) at four and sixweeks
after intervention, respectively. Postestimation
adjusted daily case incidence per 100,000people
across subgroups is graphically presented in ap-
pendix exhibit S5.25

Sensitivity Analyses Findings remained ro-
bust to more stringent inclusion and exclusion
criteria and matching procedures (appendix ex-

Exhibit 1

Comparison of county demographics and SARS-CoV-2 transmission rate at baseline (two weeks before masking mandate) between matched US counties
without and with mandates, 2020

Without mandate (129
counties, 351 baseline
intervals)

With mandate (351 counties,
351 baseline intervals)

Median IQR Median IQR
Standardized
differencea

County characteristics
Population density, people per square mile 380.0 190.6, 786.9 374.4 176.8, 909.9 0.21
Total population, in 1,000s 196.0 114.6, 396.8 253.3 133.2, 527.3 −0.26
Diabetes, % of population 10.0 8.5, 10.9 10.2 9.0, 11.5 −0.22
Low income, % of populationb 33.7 27.0, 38.3 33.0 26.2, 38.6 0.05
Votes for Republican in 2016 presidential election, % 50.7 43.5, 64.8 48.0 38.1, 59.1 0.33

Over the course of the 2 weeks before intervention:
Instantaneous reproduction number (Rt)
25th percentilec 1.0 0.8, 1.2 1.0 0.8, 1.2 −0.05
50th percentilec 1.2 1.0, 1.4 1.2 1.0, 1.5 –0.07
75th percentilec 1.4 1.2, 1.8 1.5 1.2, 1.9 –0.13

Daily case counts per 100,000 people
25th percentilec 7.4 3.3, 14.4 9.4 4.2, 17.3 −0.19
50th percentilec 9.1 4.8, 18.3 11.7 5.9, 21.8 −0.17
75th percentilec 11.5 6.4, 22.9 14.6 7.5, 26.5 −0.16

Social distancing
25th percentilec −0.22 −0.56, −0.10 −0.27 −0.59, −0.14 0.15
50th percentilec −0.20 −0.53, −0.09 −0.26 −0.58, −0.12 0.14
75th percentilec −0.19 −0.51, −0.07 −0.25 −0.56, −0.11 0.15

Daily wet-bulb temperature , degrees Cd

25th percentilec 17.8 10.5, 20.5 17.7 8.9, 20.8 0.02
50th percentilec 18.3 10.9, 21.0 18.8 9.7, 21.4 −0.02
75th percentilec 19.1 11.5, 21.8 20.1 10.8, 22.2 −0.02

SOURCES All characteristics were obtained from the Census Bureau, American Community Survey, 2018 (see note 43 in text) except health data, which were obtained from
the Centers for Disease Control and Prevention, Behavioral Risk Factor Surveillance System, 2017 (see note 44 in text); data on social distancing, which were obtained
from Unacast (see note 37 in text); and data on wet-bulb temperature, which were obtained from the National Oceanic and Atmospheric Administration (see note 42 in
text). NOTES Population density, diabetes, low income, social distancing, wet-bulb temperature, and baseline case count defined as the median case counts during two
weeks before mandate were included in the analysis as covariates. Population size was not included because of its high correlation with population density. IQR is
interquartile range. aThe standardized difference was calculated by standardized difference in mean. bLow income was defined as percent of county residents with
income less than 200 percent of the federal poverty level. cPercentiles of variables within each county over the course of 14 days before time zero. dDaily wet-bulb
temperatures were calculated by averaging the hourly recordings from weather stations that contribute to the National Oceanic and Atmospheric Administration’s Local
Climatological Data.
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hibit S6).25 Extending the follow-up window to
eight weeks also revealed similar findings, albeit
in a smaller group of 161 matched pairs from
297 unique counties that were somewhat more

densely populated, were from colder regions,
had more significant social distancing, and
had lower baseline transmission rates than
the original sample (appendix exhibit S7).25 At

Exhibit 2

Ratios of daily COVID-19 case incidence per 100,000 people between matched counties with and without masking mandates, overall and by county type,
2020

Daily case counts ratio estimates between exposed and unexposed
counties after intervention

At 2 weeks At 4 weeks At 6 weeks
Avg. over
6 weeks p valuea

All counties (351 pairs, 412 counties) 0.90 0.75 0.65 0.82 <0.001

Subgroup analysisb

Voting behaviorc

Republican (136 pairs, 174 counties) 0.82 0.66 0.61 0.75 <0.001
Democrat (142 pairs, 178 counties) 0.92 0.79 0.65 0.85 <0.001

Population densityd

Urban (180 pairs, 224 counties) 0.85 0.71 0.64 0.79 <0.001
Suburban and rural (68 pairs, 94 counties) 1.00 0.81 0.64 0.89 <0.001

SOURCES USAFacts, US COVID-19 cases and deaths by state (see note 20 in text); COVID Analysis and Mapping of Policies, Data access (see note 22 in text); the New York
Times state-level reopening tracker (see note 23 in text); Bureau of Economic Analysis (see note 24 in text); and MIT Election Data and Science Lab (see note 47 in text).
NOTES Data were estimated from the primary analysis between March 21 and October 6, 2020. Ratios indicate the average case incidence in counties with a masking
mandate compared to that in counties without one (exposed and unexposed). The analysis included 351 pairs of analysis windows drawn from 412 unique US counties
between April and August 2020. The 95% confidence intervals of the estimates are in appendix exhibit S4 (see note 25 in text). ap values obtained from testing for null
hypothesis of no significant difference in trajectory of incidence case over time between masked and unmasked counties, using Wald test on the regression coefficients of
three interactions between masking mandate and polynomials of time (linear, quadratic, and cubic time). bResults stratified by political leaning and population density.
cVoting behavior defined by the percentage of votes for the Republican candidate in the 2016 presidential election. The Republican stratum included pairs with more than
50 percent votes for the Republican candidate in both counties in the 2016 presidential election, and the Democratic stratum included pairs with up to 50 percent votes
for the Republican candidate in both counties. dThe urban stratum included pairs of counties with population density between 200 and 2,000 people per square mile,
whereas the rural stratum included pairs of counties with population density less than 200 people per square mile.

Exhibit 3

Adjusted estimated daily COVID-19 case incidence per 100,000 people in US counties, under counterfactual scenarios
assuming that all counties were either exposed or not exposed to masking mandates

SOURCES USAFacts, US COVID-19 cases and deaths by state (see note 20 in text); COVID Analysis and Mapping of Policies, Data
access (see note 22 in text); and the New York Times state-level reopening tracker (see note 23 in text). NOTES The analysis included
all of the analysis windows from 412 unique US counties between April and August 2020. “Without mandate” assumes that a mandate
would not have been implemented, and “With mandate” assumes that a mandate would have been implemented. Time is aligned at the
intervention time (time zero). Solid lines indicate medians. Shaded areas indicate interquartile ranges. The plot of the mean is in
appendix exhibit S5 (see note 25 in text).
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eight weeks of follow-up, counties with a mask-
ing mandate had a daily case incidence per
100,000 individuals that was reduced to 57 per-
cent (95% CI: 45, 72) of the daily case incidence
per 100,000 people in counties withoutmasking
mandates (exhibit 4, appendix exhibits S8 and
S9).25 This was comparable to the reduction not-
ed at six weeks from this analysis (58 percent;
95% CI: 48, 72); the overall case incidence re-
duction across eight weeks was 29 percent (95%
CI: 17, 39). Aggregate reductions over eight
weeks remained larger in Republican-leaning
versus Democratic-leaning counties and in ur-
ban versus suburban/rural counties, although
moment-in-time ratio estimates of case inci-
dence between exposed and unexposed counties
at six and eight weeks were similar in subgroup
analyses of Republican- and Democratic-leaning
counties. Case incidence reductions were atten-
uated in suburban and rural counties with pop-
ulationdensity below200peopleper squaremile
(exhibit 4, appendix exhibit S8).25

Discussion
In this matched comparison of US counties with
and without masking mandates in the early
months of the COVID-19 pandemic in the US,
the mandates were associated with reduced case
incidence six weeks after the onset of the man-
dates. Reduction in case incidence ranged from
11 percent to 25 percent during the six-week
interval (exhibit 2), with peak impacts between
three and four weeks after the initiation of man-

dates. The benefit of masking mandates was
observed across all subgroups, with peak mo-
ment-in-time reductions noted at six weeks post-
intervention. The effect was strongest among
Republican-leaning counties, where reductions,
by inference, reached 25 percent (95% CI: 14,
34) across sixweeks, and amongurban counties,
where reductions, by inference, reached 21 per-
cent (95% CI: 13, 29) by six weeks. Findings in
the study were robust to a sensitivity analysis
that extended the follow-up period to eight
weeks. Moment-in-time case incidence reduc-
tions were sustained but plateaued between six
and eight weeks in analysis of all counties and
subgroups, including Republican-leaning and
rural counties, whose moment-in-time risk re-
duction plateaued at 50 percent and attenuated
from 53 percent to 50 percent, respectively, be-
tween six and eight weeks, respectively.
The design of this study, which matched on

baseline community transmission and demo-
graphics, was a major strength. The study simu-
lated a pragmatic trial by which to estimate the
incremental effect of mandates on community
COVID-19 transmission. A large observational
study of counties across the United States in
2021 also suggested that masking mandates
were beneficial in reducing SARS-CoV-2 trans-
mission,10 but the approach in our study was
arguably stronger, as it reduced the potential
influence of secular trends. By matching unex-
posed and exposed counties, this study reduced
potential observed confounding, and the county-
level random effects used in the analysis also

Exhibit 4

Sensitivity analysis: ratios of daily COVID-19 case incidence per 100,000 people between matched counties with and without masking mandates, overall
and by county type, among a subset of counties that could be followed for at least 8 weeks, 2020

Daily case counts ratio estimates between exposed and unexposed counties after intervention

At 2 weeks At 4 weeks At 6 weeks At 8 weeks Avg. over 8 weeks
All counties (161 pairs, 297 counties) 0.83 0.68 0.58 0.57 0.71

Subgroup analysis
Voting behaviora

Republican (47 pairs, 94 counties) 0.68 0.56 0.50 0.50 0.59
Democrat (70 pairs, 134 counties) 0.92 0.68 0.51 0.45 0.72

Population densityb

Urban (79 pairs, 147 counties) 0.82 0.59 0.47 0.50 0.65
Suburban and rural (28 pairs, 54 counties) 0.70 0.77 0.88 0.93 0.79

SOURCES USAFacts, US COVID-19 cases and deaths by state (see note 20 in text); COVID Analysis and Mapping of Policies, Data access (see note 22 in text); the New York
Times state-level reopening tracker (see note 23 in text); Bureau of Economic Analysis (see note 24 in text); and MIT Election Data and Science Lab (see note 47 in text).
NOTES County types based on a subset of counties that could be followed for at least 8 weeks in the sensitivity analysis between March 21 and October 20, 2020. Ratios
indicate the average case incidence in counties with a masking mandate compared with that in counties without one (exposed and unexposed). The analysis included 161
pairs of analysis windows drawn from 297 unique US counties between March and October 2020. 95% confidence intervals of the estimates are in appendix exhibit S8
(see note 25 in text). aVoting behavior is defined by the percentage of votes for the Republican candidate in the 2016 presidential election. The Republican stratum
included pairs with more than 50 percent votes for the Republican candidate in both counties in the 2016 presidential election, and the Democratic stratum
included pairs with up to 50 percent votes for the Republican candidate in both counties. bThe urban stratum included pairs of counties with population density
between 200 and 2,000 people per square mile, whereas the rural stratum included pairs of counties with population density less than 200 people per square mile.
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allowed estimation of between-county heteroge-
neity that was not explained by the observed
variables. Another challenge in this study is that
we were unable to examine the factors that me-
diate the benefit of public masking mandates. It
is possible, for example, that mandates led to
higher rates of sustained masking use in public
locations; unfortunately, there were no longitu-
dinal surveys with sufficient sampling across the
counties to examine this influence, including
whether fatigue over time may have contributed
disproportionately to the attenuation in effects
observed among some counties at eight weeks.
This may make it more difficult as well to trans-
late these findings to later periods of the pan-
demic, when fatigue with public health recom-
mendations was likely heightened and when
more transmissible variants (such as Delta and
Omicron) were circulating across the popula-
tion. It is also possible that mandates signal to
the community that risk throughout the region is
rising and thusmay—at least temporarily—affect
practices of social distancing or proclivity to stay

home among worried residents. In that regard,
the degree to which the social distancing mea-
sure in this analysis approximated individual
behavior more broadly might also have led us
to overfit models and somewhat bias results to
the null. Finally, benefits of mandates may also
vary by commitment of law enforcement, a vari-
able we were unable to study.

Conclusion
This matched analysis, during a period of vari-
able public masking orders across the US, sug-
gests that on average, masking mandates likely
conferred benefit in reducing community trans-
mission rates and case incidence during the
initial months of the COVID-19 pandemic.
Although such benefits were not equally distrib-
uted in all regions, it appears that maskingman-
dates may offer broad value in reducing commu-
nity risk during periods of elevated SARS-CoV-2
transmission in the US. ▪

Support for this research was received
from the National Institutes of Health
(Grant Nos. R01CA-178744, R01CA-

244845, and TR-001878). The content is
solely the responsibility of the authors
and does not necessarily represent the

official views of the National Institutes
of Health. [Published online February 16,
2022.]
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