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Abstract

Objective:  We quantified the association between public compliance with social distancing measures and the spread of SARS-
CoV-2 during the first wave of the epidemic (March–May 2020) in 5 states that accounted for half of the total number of COVID-19 
cases in the United States.

Methods:  We used data on mobility and number of COVID-19 cases to longitudinally estimate associations between public com-
pliance, as measured by human mobility, and the daily reproduction number and daily growth rate during the first wave of the 
COVID-19 epidemic in California, Illinois, Massachusetts, New Jersey, and New York.

Results:  The 5 states mandated social distancing directives during March 19-24, 2020, and public compliance with mandates started 
to decrease in mid-April 2020. As of May 31, 2020, the daily reproduction number decreased from 2.41-5.21 to 0.72-1.19, and the 
daily growth rate decreased from 0.22-0.77 to –0.04 to 0.05 in the 5 states. The level of public compliance, as measured by the social 
distancing index (SDI) and daily encounter-density change, was high at the early stage of implementation but decreased in the 5 states. 
The SDI was negatively associated with the daily reproduction number (regression coefficients range, –0.04 to –0.01) and the daily 
growth rate (from –0.009 to –0.01). The daily encounter-density change was positively associated with the daily reproduction number 
(regression coefficients range, 0.24 to 1.02) and the daily growth rate (from 0.05 to 0.26).

Conclusions:  Social distancing is an effective strategy to reduce the incidence of COVID-19 and illustrates the role of public com-
pliance with social distancing measures to achieve public health benefits.
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The United States has become one of the epicenters of the 
COVID-19 epidemic. During the first wave of the epidemic 
(March–May 2020), 1 798 640 people were infected with 
SARS-CoV-2, the virus that causes COVID-19. Five states—
California, Illinois, Massachusetts, New Jersey, and New 
York—had the highest number of SARS-CoV-2 cases, 
accounting for 49.2% of all cases in the United States. The 
epidemic resurged in many states in a second wave of the 
epidemic starting in June 2020.1

In response to the growing number of cases in late March 
2020, all 5 state governments implemented stay-at-home 
directives to limit physical contact and reduce SARS-CoV-2 
transmission and mortality. Such measures included bans on 
large events and closures of schools, entertainment venues, 
and nonessential businesses. Social distancing is a mitigation 
strategy that slows the spread and intensity of the epidemic 

and flattens the epidemic curve.2 As a result of these public 
health interventions, the number of reported people infected 
with SARS-CoV-2 declined.3 During May–June 2020, the 
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stay-at-home directives were lifted in the 5 states, and busi-
nesses gradually reopened. Despite guidance to continue 
social distancing, public compliance waned and may have 
contributed to a second wave of infections. However, few 
studies have quantitatively measured the role of public com-
pliance as a key determinant of social distancing success and 
its effect on the COVID-19 epidemic.

Human mobility data collected by innovative methods 
can objectively measure public compliance with social dis-
tancing recommendations in the context of the COVID-19 
epidemic.4 To fill the research gap, we used data on the epi-
demic and human mobility from 5 states with high COVID-
19 incidence to assess the level of public compliance with 
social distancing measures. We also examined longitudinal 
changes in human mobility patterns to determine whether 
compliance with social distancing guidance predicted viral 
transmissibility, as measured by the daily reproduction num-
ber (Rt), and the speed of COVID-19 spread, as estimated by 
the daily growth rate, during the first wave of the epidemic.

Methods

Study Sample and Data
The implementation dates of the stay-at-home directives var-
ied by state, and we collected information on these dates 
from state government websites. We downloaded state-level 
data for the number of people with SARS-CoV-2 from The 
New York Times.1 We limited our analysis to the first wave of 
the epidemic (March–May 2020) to reduce potential con-
founding as a result of the lifting of the stay-at-home direc-
tives and reopening of businesses that started in May and 
June in the 5 states (California: May 25, 2020; Illinois: May 
29, 2020; Massachusetts: May 18, 2020; New Jersey: June 9, 
2020; and New York: May 29, 2020).

To proximally measure changes in compliance with social 
distancing measures, we measured human mobility by using 2 
indices: the social distancing index (SDI) and daily encounter-
density change. We downloaded data for the 2 indices from the 
University of Maryland COVID-19 Impact Analysis Platform5 
and the Unacast Social Distancing Scoreboard.6

Measures
The daily encounter-density change measures the percentage 
change in the number of encounters compared with the pre-
epidemic national baseline. A potential human encounter is 
defined by the space between 2 mobile phone devices (≤50 m) 
and time (≤60 minutes). The national average daily encounter 
density is calculated by the baseline measurement preceding the 
COVID-19 outbreak (February 10–March 8, 2020).6 A daily 
encounter-density change >0 indicates that human mobility is 
greater than the pre-epidemic national baseline, whereas values 
<0 suggest that human mobility is less than the national base-
line. The value of 0 indicates that human mobility is the same as 

the national baseline. The daily encounter-density change is 
normalized by encounters per km2 to account for the difference 
between densely populated urban areas and less-populated rural 
areas.7

The SDI uses mobile device location data from multiple 
sources (ie, population census data and location data from cell 
phones and vehicles: road, rail, bus, and airline system data 
sets) to discriminate between person movement and vehicle 
movement.5 The SDI score ranges from 0 to 100 and measures 
the extent to which area residents and visitors practice social 
distancing. A value of 0 indicates no social distancing, and 100 
indicates perfect social distancing. SDI scores were compared 
with the benchmark, which was computed by using weekday 
data (Monday through Friday) during the first 2 weeks of 
February, just days before the COVID-19 outbreak.8

Statistical Analysis
We estimated incidence risk by dividing the cumulative number 
of people with SARS-CoV-2 by the population in each state. 
The daily reproduction number (Rt) measures the level of viral 
transmissibility.9 The value of Rt represents the average number 
of people infected by a primary person with SARS-CoV-2 at 
time t. We used a serial interval of 4.17 (SD = 2.9) days and 
7-day moving averages of the daily number of SARS-CoV-2 
cases to estimate Rt.

10 Other investigators have also used this 
serial interval in their studies.11,12 We used infection data after at 
least 1 serial interval (5 days from the start of the epidemic) or 
when ≥12 infected people had been reported to take into account 
any initial inaccuracies in reporting at the start of the epidemic. 
An Rt value >1 indicates ongoing spread of the virus, and a 
value <1 denotes reduced viral spread. Rt values offer a daily 
indication of whether an epidemic is growing or declining and 
have been used to monitor intervention effects in real time.9,13

The daily growth rate measures the speed at which the epi-
demic is spreading.14 We used the number of reported infections 
per day to estimate daily growth rates on a 7-day moving aver-
age by using an established formula: yt = y(t - 1)(1 + r). Here, yt is 
the number of reported infected people on the current day t; y(t 

- 1) denotes the number of daily infected people on the previous 
day (t − 1); and r is the daily growth rate. When the number of 
daily infected people increases, the daily growth rate is >0. For 
example, if r = 0.25, the number of infected people is 25% more 
than that reported on the previous day. When a growth rate is 
<0, the number of daily infected people declines.

We used the Kruskal–Wallis test to assess whether the means 
of the 2 mobility indices increased or decreased in an ordered 
time frame. We used the “proc npar1way” in SAS version 9.4 
(SAS Institute, Inc) to perform this test. We used autoregression 
models to analyze associations between mobility measures 
(independent variables) and the daily reproduction number and 
daily growth rate (dependent variables) using the “proc autoreg” 
procedure in SAS to account for the correlated nature of time-
series data.15 Regression coefficients indicate the strength of 
associations between dependent and independent variables, and 
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we estimated them with maximum likelihood estimation and 
without other covariates because of the nature of a time-series 
analysis and ecological study design. Given an incubation 
period of 5-14 days for COVID-19,16 we used a 10-day lag to 
estimate associations. Diagnostic tests determined that 6 lags 
were sufficient to account for the autocorrelation of errors. The 
total R2 statistic computed from the autoregressive model 
reflects the improved fit from the use of past residuals to predict 
the next value of the dependent variable. It is a measure of how 
well the next value can be predicted using the structural part of 
the model and the past values of the residuals.17

Because this study was a secondary analysis of publicly 
available data and no patients were involved, institutional 
review board review was not needed.

Results

Daily Reproduction Number and Daily Growth Rate
As of May 31, 2020, the incidence risk of COVID-19 was 1.9% 
in New York (375 575/19 453 561), 1.8% in New Jersey (160 
445/8 882 190), 1.4% in Massachusetts (96 965/6 892 503), 
1.0% in Illinois (120 588/12 671 821), and 0.3% in California 
(113 114/39 512 223). The daily reproduction number and daily 
growth rate declined in all 5 states during the study period 
(Table 1, Figure). One day before the social distancing directive 
was implemented, the daily reproduction number was 5.21 in 
New York, 4.21 in Illinois, 4.14 in New Jersey, 2.41 in 
Massachusetts, and 2.41 in California (Table 1). As of May 31, 
the daily reproduction number declined to 0.85 in New York, 
0.72 in Illinois, 0.92 in New Jersey, 0.76 in Massachusetts, and 
1.19 in California. Similarly, the daily growth rates declined 
from 0.77 to 0.01 in New York, from 0.47 to −0.01 in New 
Jersey, from 0.44 to −0.04 in Illinois, from 0.40 to 0.02 in 
Massachusetts, and from 0.22 to 0.05 in California.

Human Mobility Before and After Social Distancing
After the stay-at-home directive was implemented in the 5 
states, the SDI increased and the daily encounter-density change 

declined. However, starting in mid-April, public compliance 
declined in all 5 states: the SDI decreased and the daily 
encounter-density change increased (Table 2, Figure; data for 
other states are available from the authors). For example, the 
value of the SDI 1 day before the directive was implemented 
(March 21) in New York was 35.6. On April 14, the SDI 
increased to 71.1 and then declined. The daily encounter-density 
change was 2.56 one day before the directive. After the direc-
tive, the daily encounter-density change decreased below the 
national baseline but then returned to above the pre-epidemic 
national baseline starting on May 9.

Associations of Public Compliance Measured by 
Human Mobility With the Daily Reproduction 
Number and Daily Growth Rate
The daily encounter-density change was significantly and posi-
tively associated with the daily reproduction number (regres-
sion coefficients range, 0.24-1.02) and the daily growth rate 
(regression coefficients range, 0.05-0.26) in the 5 states 
(Table 3). The SDI was significantly and negatively associated 
with the daily growth rate (regression coefficients range, −0.009 
to −0.01) and the daily reproduction number (regression coeffi-
cients range, −0.04 to −0.01), with the exception of 1 nonsignif-
icant association in Massachusetts (coefficient: −0.01; P = .24).

Discussion

The findings of this study document that voluntary public 
compliance with social distancing measures may have deter-
mined their effect on reducing viral transmissibility and the 
speed at which COVID-19 spreads. Public compliance 
started to decline in mid-April in the 5 states, as indicated by 
an increase in human mobility patterns. The second wave of 
the epidemic in the United States starting in June 2020 may 
have resulted from a combination of premature reopening of 
businesses, lifting of the stay-at-home directive, and reduced 
public compliance with the governmental directives. Our 
study provides a timely evaluation of social distancing 

Table 1. Daily reproduction number and daily growth rate in the COVID-19 epidemic before and after the stay-at-home directive, 5 
states, March–May 2020a

State
Date of  

directive

Daily reproduction number  
(95% credible interval)

Daily growth rate  
(95% confidence interval)

1 day before  
directive May 31, 2020

1 day before 
directive May 31, 2020

New York March 22 5.21 (5.10 to 5.31) 0.85 (0.83 to 0.86) 0.77 (0.69 to 0.85) 0.01 (−0.04 to 0.06)

New Jersey March 21 4.14 (3.86 to 4.42) 0.92 (0.90 to 0.94) 0.47 (0.33 to 0.61) –0.01 (−0.06 to 0.04)

Illinois March 21 4.21 (3.86 to 4.57) 0.72 (0.71 to 0.73) 0.44 (0.38 to 0.50) −0.04 (−0.09 to 0.01)

Massachusetts March 24 2.41 (2.21 to 2.61) 0.76 (0.74 to 0.78) 0.40 (0.32 to 0.47) 0.02 (−0.02 to 0.06)

California March 19 2.41 (2.24 to 2.60) 1.19 (1.18 to 1.21) 0.22 (0.20 to 0.24) 0.05 (0.01 to 0.08)

aData source: The New York Times coronavirus (COVID-19) data in the United States.1
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measures in the context of an ongoing resurgence of the epi-
demic after states reopened businesses and the public became 
less amenable to social distancing measures.

One day before implementation of the directives, the 
daily reproduction number ranged from 2.41 to 5.21 in the 5 
states; in other words, on average, 1 person with the virus 
infected 2-5 other people during the infectious period. This 
result coupled with a daily growth rate >0 suggests the pos-
sibility for exponential spread in the absence of intervention 
measures. After the stay-at-home directives were imple-
mented, both the level of viral transmissibility and the speed 
at which the epidemic spread declined, signifying that the 
scope of the epidemic had been reduced in the 5 states. This 
finding suggests that social distancing is an important public 
health measure for mitigating the spread of COVID-19. 
Furthermore, social distancing measures may improve other 
public health interventions by making testing and contact 
tracing more manageable. Although the reduction of infec-
tion risk may also have resulted from other prevention mea-
sures (testing, contact tracing, personal hygiene), social 

distancing measures likely played an important role. Other 
empirical studies have also reported the preventive effects 
documented in our study.18,19 Without an effective vaccine, 
social distancing is a practical, feasible, and effective mea-
sure to control the spread of SARS-CoV-2.

However, community-level implementation of social dis-
tancing measures can be effective only with extensive volun-
tary participation. To quantitatively examine the level of 
public compliance with social distancing guidelines, we pur-
posely selected 2 quantitative mobility indices as a proxy 
measure of public compliance from 2 independent develop-
ers. Both the SDI and daily encounter-density change appro-
priately predicted changes in the daily reproduction number 
and daily growth rate after a 10-day lag. Although the 
strength of associations measured by the autoregression 
coefficients varied in the 5 states, all but 1 association (the 
nonsignificant association between the SDI and Rt in 
Massachusetts) was in the expected direction and significant, 
suggesting that higher levels of public compliance with the 
directives, measured by human mobility, may reduce the 

Figure. Seven-day moving average trends of the daily reproduction number, daily growth rate, daily encounter-density change, and social 
distancing index (SDI) in New York during the COVID-19 epidemic, March–May 2020. The stay-at-home directive began on March 21, 
2020. A 10-day lag was incorporated in the trend analysis of the COVID-19 spread and human mobility. The SDI uses mobile device 
location data from multiple sources (ie, population census data and location data from cell phones and vehicles) to discriminate between 
person movement and vehicle movement. The SDI score ranges from 0 to 100 and measures the extent to which area residents and visitors 
practice social distancing. A value of 0 indicates no social distancing, and 100 indicates perfect social distancing. The daily encounter-density 
change measures the percentage change in the number of encounters compared with the pre-epidemic national baseline. A potential 
human encounter is defined by the space between 2 mobile phones (≤50 m) and time (≤60 minutes). A daily encounter-density change 
>0 indicates that human mobility is greater than the pre-epidemic national baseline, whereas values <0 suggest that mobility activity is less 
than the national baseline. A value of 0 indicates that mobility is the same as the national baseline.
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Table 2. Mean of social distancing index and daily encounter-density change before and after the stay-at-home directive during the 
COVID-19 epidemic in 5 states, 2020a

State

Social distancing indexb Daily encounter-density changed

Mean value P value for trendc Mean value P value for trendc

New York (date of directive March 22) <.001 <.001

 � March 21 35.6 2.56

 � March 22–April 1 70.1 −0.34

 � April 2-11 71.2 −0.61

 � April 12-21 70.7 −0.59

 � April 22–May 1 64.6 −0.21

 � May 2-11 60.4 0.03

 � May 12-21 53.6 0.22

 � May 22-31 50.5 0.32

New Jersey (date of directive March 21) <.001 <.001

 � March 20 32.9 6.14

 � March 21-31 70.1 0.66

 � April 1-10 68.6 0.28

 � April 11-20 70.2 0.23

 � April 21-30 64.5 1.17

 � May 1-10 58.5 1.68

 � May 11-20 53.1 2.27

 � May 21-31 49.6 2.78

Illinois (date of directive March 21) <.001 <.001

 � March 20 26.9 0.82

 � March 21-31 60.6 –0.57

 � April 1-10 55.5 −0.62

 � April 11-20 58.2 −0.62

 � April 21-30 50.5 −0.40

 � May 1-10 44.6 −0.20

 � May 11-20 42.5 −0.14

 � May 21-31 36.1 0.04

Massachusetts (date of directive March 24) <.001 <.001

 � March 23 33.1 2.01

 � March 24–April 2 64.2 −0.29

 � April 3-12 66.4 −0.52

 � April 13-22 63.4 −0.43

 � April 23−May 2 58.6 –0.11

 � May 3-12 53.7 0.17

 � May 13-22 45.1 0.36

 � May 23-31 43.6 0.47

California (date of directive March 19) <.001 <.001

 � March 18 23.6 0.27

 � March 19-28 57.0 −0.70

 � March 29−April 7 61.8 −0.83

 � April 8-17 59.3 −0.82

 � April 18-27 57.2 −0.70

 � April 28−May 7 49.3 −0.68

 � May 8-17 46.9 −0.56

 � May 18-27 42.1 −0.55

(continued)
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levels of the daily reproduction number and daily growth 
rate. To maximize the effectiveness of social distancing mea-
sures, it is important to change the public’s attitudes toward 
these measures and improve their compliance. Although it is 
not clear what factors influence the public’s compliance with 
social distancing measures, possible explanations include 
misunderstanding the directives,20 political beliefs,21 mis-
trust in science,22 stigma,23 low levels of motivation,24 and 

concerns about loss of household income.25 Limited research 
has used cross-sectional data to investigate public compli-
ance with preventive measures during the COVID-19 epi-
demic in China,24 Israel,25 and Tanzania.26

In theory, social distancing measures reduce the daily repro-
duction number and daily growth rate by limiting physical con-
tact and reducing transmissibility of the virus. However, social 
distancing does not remove the sources of infection 

State

Social distancing indexb Daily encounter-density changed

Mean value P value for trendc Mean value P value for trendc

 � May 28-31 40.8 −0.52

aData source: The New York Times coronavirus (COVID-19) data in the United States.1
bThe social distancing index (SDI) uses mobile device location data from multiple sources (ie, population census data and location data 
from cell phones and vehicles) to discriminate between person movement and vehicle movement. The SDI score ranges from 0 to 100 
and measures the extent to which area residents and visitors practice social distancing. A value of 0 indicates no social distancing, and 
100 indicates perfect social distancing.
cP value for time trend determined by the Kruskal–Wallis test. P < .05 was considered significant.
dThe daily encounter-density change measures the percentage change in the number of encounters compared with the pre-epidemic 
national baseline. A potential human encounter is defined by the space between 2 mobile phones (≤50 m) and time (≤60 minutes). A daily 
encounter-density change >0 indicates that human mobility is greater than the pre-epidemic national baseline, whereas values <0 suggest 
that mobility activity is less than the national baseline. A value of 0 indicates that mobility is the same as the national baseline.

Table 2.  (continued)

Table 3. Associations between public compliance with social distancing measured by 2 mobility indices with the daily reproductive 
number (R2) and daily growth rate during the COVID-19 epidemic in 5 states, 2020a

State

Daily reproduction number Daily growth rate

Coefficientb (95% CI) P valuec Total R2 Coefficientd (95% CI) P valuec Total R2

New York

 � Daily encounter-density change 0.48 (0.24 to 0.72) <.001 0.99 0.13 (0.11 to 0.15) <.001 0.90

 � SDI −0.03 (−0.054 to −0.004) .02 0.99 −0.01 (−0.02 to −0.01) <.001 0.88

New Jersey

 � Daily encounter-density change 0.24 (0.16 to 0.31) <.001 0.98 0.05 (0.03 to 0.07) <.001 0.71

 � SDI −0.04 (−0.06 to −0.03) <.001 0.98 −0.008 (−0.011 to −0.005) <.001 0.71

Illinois

 � Daily encounter-density change 1.02 (0.48 to 1.55) <.001 0.97 0.26 (0.08 to 0.43) .003 0.50

 � SDI −0.03 (−0.05 to −0.01) .002 0.97 −0.009 (−0.015 to −0.004) .002 0.51

Massachusetts

 � Daily encounter-density change 0.34 (0.03 to 0.65) .03 0.97 0.06 (0.01 to 0.12) .03 0.78

 � SDI −0.01 (−0.04 to 0.01) .24 0.96 −0.003 (−0.012 to −0.002) .01 0.79

California

 � Daily encounter-density change 0.76 (0.44 to 1.07) <.001 0.98 0.19 (0.15 to 0.24) <.001 0.60

 � SDI −0.02 (−0.04 to −0.01) <.001 0.98 −0.006 (−0.008 to −0.004) <.001 0.57

Abbreviation: SDI, social distancing index.
aData source: The New York Times coronavirus (COVID-19) data in the United States.1
bThe SDI uses mobile device location data from multiple sources (ie, population census data and location data from cell phones and vehicles) to discriminate 
between person movement and vehicle movement. The SDI score ranges from 0 to 100 and measures the extent to which area residents and visitors practice 
social distancing. A value of 0 indicates no social distancing, and 100 indicates perfect social distancing.
cP value of t statistics for regression coefficients. P < .05 was considered significant.
dThe daily encounter-density change measures the percentage change in the number of encounters compared with the pre-epidemic national baseline. A potential 
human encounter is defined by the space between 2 mobile phones (≤50 m) and time (≤60 minutes). A daily encounter-density change >0 indicates that human 
mobility is greater than the pre-epidemic national baseline, whereas values <0 suggest that mobility activity is less than the national baseline. A value of 0 indicates 
that mobility is the same as the national baseline.



Liu et al 7

(symptomatic, presymptomatic, and asymptomatic infectious 
people) from the community.2 If social distancing measures are 
relaxed prematurely and daily activities that promote physical 
contact resume, the risk of acquiring or transmitting the virus 
will increase because most of the population is still susceptible 
to viral infection. Although the daily reproduction number 
declined in the 5 states, it did not decline to 0.3 as it did in 
Wuhan, China,27 where the epidemic is currently under control. 
In fact, the daily reproduction number was still high in the 5 
states (range, 0.72-1.19) and the daily growth rate was >0 in 3 
states as of May 31, 2020. Human mobility declined when social 
distancing measures were implemented about 30 days after the 
directives, indicating a high level of public compliance. 
However, public compliance diminished in mid-April in the 5 
states, and the 2 mobility indices started to rise. Given that most 
people are susceptible to SARS-CoV-2 infection and that the 
source of infection exists in the community, the epidemic will 
continue when intervention measures are relaxed and people no 
longer cooperate with directives. Although many factors con-
tributed to the second wave of the epidemic, this relaxation and 
low compliance may have helped to fuel it.

The scope of the COVID-19 epidemic (incidence risk range, 
0.3%-1.9%) and the rate of decline in public compliance dif-
fered in the 5 states. For example, the value of the SDI declined 
faster in Illinois than in the other 4 states, and the level of the 
daily encounter-density change remained high in New Jersey. 
The 5 states differ in population composition (eg, race/ethnicity, 
age, sex, economic status) and population density, which may 
influence the spread of infection and effectiveness of contain-
ment efforts. Because of the ecological study design, we did not 
have individual-level data to analyze factors that may explain 
such differences. Future studies at the individual level are needed 
to investigate these factors.

Strengths and Limitations
This study had several strengths. First, we used objective 
measures to assess changes in public compliance and longi-
tudinal estimation of associations between these changes 
with COVID-19 transmissibility and spread. Also, the use of 
human mobility indices to measure public compliance may 
be more valid than self-reported measures, because people 
may self-report higher compliance as a result of social desir-
ability bias.

However, this study also had several limitations. First, we 
estimated the daily reproduction number and daily growth rate 
based on reported cases; as such, presymptomatic and asymp-
tomatic cases, as well as cases with mild symptoms, might not 
have been captured.28 Also, case ascertainment improved during 
the study period and might have introduced bias into the results. 
However, the bias was likely not substantial, because the daily 
reproduction number and daily growth rate depend on the rate of 
change rather than on the absolute number of cases. Second, the 
2 quantitative measures of human mobility were measured in 
aggregate and might not represent mobility at the individual 

level, possibly leading to ecological fallacy. The global position-
ing system geolocation data did not include people without 
smartphones or people who did not carry their cell phones with 
them. Furthermore, the Unacast developers defined an encoun-
ter as 2 clusters observed in a spatial distance of ≤50 m.6 The 
recommendation for social distancing to prevent the spread of 
infection is a minimum of 6 ft (about 1.8 m). Thus, compliance 
with social distancing may have been overestimated. Third, the 
estimate of the SDI included only out-of-county trips and did not 
specify interstate trips. The developers of the SDI computed 
benchmark values for the SDI using data from weekdays 
(Monday through Friday) during the first 2 weeks of February. 
The omission of weekend data may have introduced bias. 
Finally, in addition to social distancing, personal behaviors 
(handwashing, wearing face masks) and other public health 
interventions (eg, testing, contact tracing) might have con-
founded the association between social distancing and the scope 
of the epidemic.

Conclusion

Our study documents the effect of social distancing measures 
on reducing the spread of SARS-CoV-2. However, the 
degree of effect may be based on public compliance with 
government directives. State authorities have limited capac-
ity to enforce social distancing measures; therefore, public 
compliance is needed to achieve public health benefits. To 
develop effective interventions, future research should iden-
tify the factors that either promote or reduce compliance 
with social distancing measures and quantify their contribu-
tion to viral spread.
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