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Abstract
Introduction: This study presents a machine learning based evaluation of the social distancing measures
implemented in the US states. 

Objectives: Although there are a few studies that provide estimations of the impact of COVID-19
pandemic, there is a need for an actual policy evaluation of the already implemented social distancing
measures. This paper presents an evaluation of the social distancing measures implemented by the US
states.

Methods: This research uses a machine learning based Generalized Synthetic Control Method. In doing
so, it considers the US states that adopted early social distancing approaches as the treatment group and
the states that adopted social distancing much later as the control group and it has controlled for state
and time �xed effects, to cancel out the possible selection bias and endogeneity. Results: The results
show that the �rst round of social distancing in the US is associated with lower COVID-19 infection
growth rate (by -167%) when compared to the no policy intervention counterfactual.

Conclusions: The �ndings from this policy evaluation establishes a robust scienti�c basis of the e�cacy
of social distancing measures on slowing down the contagion of a pandemic.

Introduction
Although few post-COVID-19 studies have attempted to provide an estimate of possible US gains
(e.g. Greenstone and Nigam, 2020) and simulation model of COVID-19’s spread and mortality impacts in
the US (e.g. Ferguson et al. 2020), there is a need for a causal policy evaluation of the already
implemented social distancing to measure what have we achieved so far compared to a no intervention
counterfactual. Using Generalized Synthetic Control Method (GSCM) developed by Xu (2017), considering
the US states that adopted early social distancing approaches as the treatment group and the states that
adopted social distancing much later as the control group and controlling for state and time �xed effects
(to cancel out the selection bias and endogeneity),  this paper �nds that social distancing is associated
with lower COVID-19 infection growth rate (by 167%).  GSCM calculates weights for the untreated
(control) units in order to create a synthetic twin of the treatment unit in the pre-treatment period, it uses
an interactive �xed effect model (discussed later) in this re-weighting phase (Xu, 2017). As in case of
predictive machine learning, GSCM then makes out-of-sample (post-treatment period) prediction using
the calculated weights (based on the interactive �xed effect model) in order to create a counterfactual for
the treatment unit. In this sense, this method is in the same spirit of machine learning predictive
modeling.

Since COVID-19 is the only major pandemic in our recent memory, the pre-COVID-19 literature is
reasonably inadequate regarding policy evaluations of social distancing. Reluga (2010) �nds that social
distancing is especially helpful when the implementation is comparatively less expensive and can defer
the outbreak until a vaccine becomes broadly accessible. Similarly, although in a slightly different
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context, Glass et al. (2006) provides a simulation of targeted social distancing to mitigate �u pandemic in
a small town in the United States. For a �u epidemic as infectious as 1957–58 Asian �u (which had close
to 50% infection rate), the simulation shows that shutting down schools and keeping young population at
home decreased the infection growth by >90%.

Few post-COVID-19 studies have tried to study the pandemic from different perspectives. Using the
Ferguson et al. (2020) simulation model of COVID-19’s proliferation and mortality in the US, Greenstone
and Nigam (2020) estimates that three to four months of modest social distancing starting in the last
week of March 2020 would save 1.7 million lives by the beginning of October. Using the US Government’s
value of a statistical life, Greenstone and Nigam (2020) �nd that the monetized values of preventing
mortality by social distancing are about $8 trillion at aggregate level or $60,000 per household.

Although these are impressive estimates of the impact of social distancing, however, to the best of our
knowledge, there has not been any study conducted yet to evaluate the actual impact of social distancing
on the growth rate of infection comparing to the no policy counterfactuals. This study is necessary
because, not only dozens of major US cities and state capitals were packed with anti-lockdown protests
but also studies (e.g. Hatzius et al. 2020) have projected a bleak future for the US job market due to the
historically unprecedented US unemployment claims after the implementation of social distancing
measures. Analyzing the serious negative economic consequences of social distancing from China,
South Korea, and Singapore, question is raised as to whether social distancing is worth the economic
cost (Hilsenrath and Armour 2020; Thunstrom et al. 2020). This paper intervenes in this juncture to
provide a machine learning informed policy evaluation of whether the already implemented social
distancing measures had any impact on restraining the infection growth rate of the COVID-19 virus.  

This paper proceeds as follows: section 2 presents the data sources and empirical strategy of the paper,
which justi�es the method and assignment of treatment and control group; section 3 presents the results
and visualization of social distancing measures; and �nally, section 4 presents the conclusion.

Data And Method
2.1 Data

The dataset and the interactive dashboard are created and maintained by a group of researchers at

Johns Hopkins University
[1]

 (Dong et al, 2020). This dataset reports infection and death cases of Covid-19
disease in real time. It reports cases at the city level in the US, which is later aggregated at state levels.
Our data starts reporting from 2020-01-21 and ends on 2020-04-13. There are a total 4536 observations.
Our outcome variable is growth rate of daily cases or growth rate of infection and the right-hand side
indicator variable is social distancing. We collect cumulative number of con�rmed cases and death cases
at the Federal Information Processing System (FIPS) code level from Johns Hopkins University (JHU)
Center for Systems Science and Engineering[i]. JHU posts the data in a wide time series format. We
follow preliminary lines of the R (open source language and environment) code posted by Tim Churches
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(Mar 05, 2010) in a blog to extract the data from JHU and put it into a panel format[ii]. The rest of the
data cleaning and manipulation tasks are done in R and the data is made ready for feeding into the
model of our choice- Generalized Synthetic Control Method. Our outcome variable is growth rate of
con�rmed cases, which we estimate from the number of daily con�rmed cases. We use the data up to
April 13. We do not go beyond 13 April as the independent effect of the social distancing was becoming
harder to identify as people started learning more about the bene�ts of social distancing and control
states were also catching up in implementing social distancing. Later, states ordered ‘lockdown’ or shelter
in place orders, which made it extremely hard to identify treatment from the control group. Thus,
considering the immediate time frame following the social distancing measures makes sense.  

 

2.2 Treatment and Control Status

Glanz et al. (2020) published an article in New York Times titled “Where America Didn’t Stay Home Even
as the Virus Spread.” Using location data from the data intelligence �rm Cuebiq, the authors provide a
map of the United States showing, following the implementation of social distancing, “… when the
average distance travelled �rst fell below 2 miles[iii]”. This is our functional de�nition of social distancing
that we are using for this paper. Glanz et al. (2020) divide the places into 5 categories in terms of the date
on which the mean distance travelled �rst dropped under two miles. These dates are March 16, March 19,
March 24, and March 26. We considered the states without social distancing until March 26 in the control
group and other states, which implemented social distancing earlier than March 26, in the treatment
group. There are some states that had some counties that did not show social distancing until March 26,
but majority of the counties did. We put even these states in the control pool in order to get a clean and
conservative treatment group. The control group for this study includes the following states: Idaho,
Wyoming, Utah, Arizona, New Mexico, Oklahoma, Arkansas, Alabama, Louisiana, Mississippi, South
Carolina, Tennessee, Virginia, West Virginia, Kentucky, Kansas, North Dakota, South Dakota, Nebraska,
Missouri, Iowa, Illinois, Wisconsin, Indiana, North Carolina, Florida, Maryland, Pennsylvania, Vermont, and
Texas.  While the treatment group consists of California, Colorado, Connecticut, Delaware, District of
Columbia, Georgia, Guam, Hawaii, Maine, Massachusetts, Michigan, Minnesota, Montana, Nevada, New
Hampshire, New Jersey, New York, Northern, Mariana Islands, Ohio, Oregon, Puerto Rico, Rhode Island,
Virgin Islands, and Washington.                The event/treatment date is Mar 26, 2020. Figure 1 shows the
average outcome of the treatment and the created counterfactual of the treatment in pre and post
treatment periods.

States vary in terms of the �rst day of infection tested. Assuming the novel corona virus has a life cycle
independent of the states’ �rst reported infection date, different states may show slower or faster growth
rate of infection depending on the �rst day of infection. Also, this �rst day may signi�cantly in�uence
how seriously people take social distancing as the number of cases are low at the beginning and later the
cases grow exponentially. Thus, our treatment status can be endogenous to the �rst day of infection,
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which is a proxy for the life cycle of the virus. We control for the �rst day of infection in our model in order
to break the dependency between growth rate of infection and treatment status.

 2.3 Summary Statistics

 In this section we provided some descriptive statistics and some visualization. First, we looked at the
average growth rate of infection for treated and control groups, before and after the intervention. In the
pre-treatment period, for treatment group, average growth rate of infection was 33%, while for the control
group it was 19%. In the post-treatment period, for treatment group, average growth rate of infection was
88%, while for the control group it was 75%. Figure 2 presents average growth rate of infection by period
and groups for our sample time frame.        

Here, it should be noted that treatment states show higher average growth rate before as well as after the
treatment time of March 26. Thus, their infection growth rate is level up from the control states always in
our period of data. That makes our scienti�c analysis more relevant as well as interesting because we
want to see if, even after social distancing, the treatment states continued to show reasonably high
growth rate of infection relative to the control states. This is because, in the absence of a proper causal
inference technique, the descriptive statistics and/or graphics could deceive the reader by implying that
social distancing has had no effect in curbing the infection rates. We want to see if a sophisticated model
still supports or nullify what we are seeing with bare eyes. We also show the variance of growth rate
between the treated and the control states before and after the social distancing in �gure 3.

In the pre-treatment period, for treatment group, the variance of infection was 6.57 SD, while for the
control group it was 2.62 SD. In the post-treatment period, for treatment group, the variance of infection
was 9.35 SD, while for the control group it was 7.41 SD. It is evident that the treated states vary much
more from each other than that of the control states in terms of the growth rate of infection. We believe
the smaller variation amid the control group makes them a better donor pool for creating the synthetic
counterfactual for our treatment group, as far as the method we are using in this paper is concerned.  
2.3 Method 

The classic model generally used to understand the impact of an event on an outcome of interest is
Difference-in-difference (DID). This is the most popularly used model to answer causal questions. A
major limitation of this model is it heavily depends on the assumption that the treatment and control
units’ mean outcome follow parallel time trends in the pre-treatment period. The same parallel trend is
assumed in the post-treatment period in the absence of the treatment. Also, in order to identify the
treatment effect, we need exogeneity of the treatment event. In other words, the treatment status cannot
be determined by any factor(s) that also impacts the outcome variable of interest. Sometimes, a workable
assumption is conditional independence (also known as ‘selection-on-variables’), which states that if we
can identify the variables the treatment is endogenous to, we can control for those variables in the model.
In this way, we can break the dependency between the treatment status and outcome of interest created
by those variables.
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Another method that has gained momentum is the Synthetic Control Method (SCM) proposed by Abadie,
Diamond and Hainmueller (2010). SCM relaxes the parallel trend assumption in DID and essentially
computes a “synthetic twin” to the treatment unit by reweighting the control units using the pre-treatment
data on outcome and other covariates. In our opinion, SCM uses a machine learning approach to create
the counterfactual for the treatment unit in the post-treatment period. It calculates the weights for each
control unit using the pre-treatment period and then plug in those weights in the post-treatment control
unit data to create the counterfactual for the treated unit. One caveat is SCM is applicable for a single
treatment unit. In this paper, we use a more sophisticated approach of Generalized Synthetic Control
method (GSCM) proposed by Xu (2017) that combines SCM with another approach to model time-varying
unit speci�c factors, known as Interactive Fixed Effect model. These time varying unit speci�c factors are
not observed in the data, but yet taken care of. GSCM uses interactive �xed effect model on the control
unit data to get the latent unobserved factors (time-varying) and uses these factors to estimate factor
loadings (unit-speci�c intercepts) for the treated unit (Xu, 2017). This implies GSCM even relaxes the
assumption of selection-on-variables to a great extent and permits the treatment status to be endogenous
to unknown time-varying and unit-speci�c covariates.

We exploit this advantage in our paper as our treatment assignment of social distancing is not random.
GSCM also allows for multiple treatment units, which is also the case in our paper. Xu and Liu (2020)
shows implementation of the model in R[i]. We follow the codes in order to implement the model on the
data for this paper. Also, we look at the matching quality between the treatment average and the synthetic
twin in the pre-treatment period by eyeballing if their paths overlap. Any difference in the post-treatment
period can be attributed to the effect of social distancing.

Results And Discussion
Table 1 shows the results. The outcome variable is Growth Rate of Con�rmed Cases. In Table 1 column
(1), we have state and as well as day �xed effects and we also control for the �rst day of infection. This
is the main model of our interest. We �nd a statistically signi�cant average treatment effect on the
treated (ATT) of -1.67 (-167%). This means, social distancing is associated with lower covid-19 infection
growth rate (by 167%). We are not claiming this is the exact impact of social distancing as no method
can deterministically tell us what would have happened if the treatment states did not receive the
treatment (we don’t have that parallel world). That said, this number unambiguously demonstrates the
direction of the impact of social distancing.

Figure 4 shows how ATT evolves over time from the pre- to post-social-distancing era. We eyeball the
match quality between the treatment and its counterfactual in the pre-social-distancing period. Their
paths don’t perfectly overlap, but they follow each other very closely. It shows that we have a good match
in the pre-treatment period, and we can take the treatment effect in the post-treatment period seriously. In
our opinion, this is a striking result showing how effective social distancing can be in reducing the growth
rate of the infection during a pandemic.  
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Columns 2 and 3 show the treatment effect with exclusive state and day �xed effects, respectively. The
ATT with state �xed effect only is -37% and signi�cant at 5% level. The ATT with day �xed effect only is
-17% and not signi�cant. Again, our main result is the full model with both state and day �xed effects in
column 1 and we report columns 2 and 3 for comparison purposes. Figure 5 shows treatment and
estimated counterfactual average growth rate in the pre- and post- social distancing era. The lower panel
shows ATT time dynamics.

 

Table 1: Generalized Synthetic Control Results: Outcome variable is the Growth Rate of
Con�rmed cases

 

     (1)    (2)    (3)

Effect (Average Treatment Effect on Treated)[1] -1.67* -0.37** -0.17

(0.074) (0.026) (0.100)

First Day of infection -0.042 -0.27*** -0.042

(0.734) (0.004) (0.778)

State �xed effect Yes  Yes -

Day �xed effect Yes - Yes

Number of Treatment states 24 24 24

Number of Control states 30 30 30

Notes: p-values are given in parentheses and calculated by a parametric bootstrap (1000)
procedure. See Xu (2017, p 64) for the detail estimation procedure. ***, **, and * implies 1%, 5%
and 10% statistical signi�cance levels, respectively.

 

Please note that GSCM creates synthetic twin for each treatment state using information on the control
pool of states. More precisely, GSCM channels control pool information through an interactive �xed effect
model of which state and day �xed effects are special cases (Xu, 2017). Our treatment (social distancing
by March 26) is not random and can very well be correlated with unknown and/or unobserved state and
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time speci�c miscellaneousness. Thus, our main result is stated by both way �xed effect model in
column 1, as it takes care of the correlation between treatment assignment and unknown factors in a
more comprehensive way.

[1] In our �rst draft, we mistakenly included the cruise ship Diamond Princes—that reported the early
cases of Covid-19 in the very early days of the pandemic—as a Province_State, as the data we were using
treated it in that way. Here, we present the corrected results without Diamond Princes and we did not see
any change in terms of signi�cance and only small a decrease in the effect—making it a 167% decrease
in the infection rate. Number of treatment states now becomes 24.    

Conclusion
We investigate whether social distancing measures in the US worked when compared to a no policy
counterfactual. In our case, the treatment status is not exogenous and possibly corelated with so many
other factors. Thus, traditional DID like approaches of causal inference would not help to identify the
impact of social distancing on infection growth rate. Thus, we used the Generalized Synthetic Control
Method, which permits treatment status to be corelated with unknown factors that vary over time and
across states and estimates the counterfactual for the treatment states by doing an out-of-sample (post-
social distancing period) prediction (Xu, 2017). This is in the same spirit of predictive machine learning
modeling. We �nd that social distancing is associated with lower covid-19 infection growth rate (by
167%) when compared to the no intervention counterfactual.
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Figure 1

Treatment and Control states in the pre- and post-event period. This �gure is produced using ‘panelView’
package in R , developed by Xu & Liu (2018)
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Figure 2

Average Growth Rate of Infections in the Sample Period by the Treatment Status
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Figure 3

The Variance of Growth Rate between the Treated and the Control States before and after the Social
Distancing
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Figure 4

Average Treatment Effect of Social Distancing on Treated States
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Figure 5

Upper panel: Treatment and estimated counterfactual average growth rate in the pre- and post- social
distancing era. Lower panel: ATT time dynamics. Figures are produced using the ‘gsynth’ package in R,
developed by Xu and Liu (Mar 6, 2020)

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

socialdistancedatacleaning.r

socialdistancingmodel.r

v1apr13data.rds

https://assets.researchsquare.com/files/rs-28199/v2/0d8f4f58d158725c44ce944d.r
https://assets.researchsquare.com/files/rs-28199/v2/998309f345fa82295411a826.r
https://assets.researchsquare.com/files/rs-28199/v2/a827d820891551e84258b810.rds

