Price of Delay in COVID-19 Lockdowns: Delays Spike Total Cases,
Natural Experiments Reveal
Gerard J. Tellis, Nitish Sood, and Ashish Sood

Abstract
Massive protests against COVID-19 lockdowns across many states of the US raise the question: Were
lockdowns effective? Were they even necessary? The authors aim to answer these questions. Since the
US did not have a mandatory lockdown across the nation, governors of US States ordered lockdowns on
different dates. The authors identify natural experiments consisting thirteen cohorts, each of two similar
neighboring states with different lockdown dates. The authors estimate the difference in COVID-19
penetration within these cohorts, adjusting for the differences in penetration on the date of the first
lockdown (Difference in Difference). Here are the major results:


In eleven of the thirteen cohorts, the state that lockdown later or did not lockdown suffered a
substantially higher penetration in Covid-19 as of April 30th 2020. In only two cohorts, the
penetration of the disease was higher in the state that did lock down.
 For the states that lockdown later or never locked down, the penetration of the disease shows
an average increase of 53% over the similar neighboring state that did lock down.
 Formal statistical analysis using difference in difference regression shows a significant effect of
lockdown equal to about 232 less cases per million population of a state in the US, for the
observation period March 10th to April 30th. This amounts to a decrease of 50%.
 The strength of these results resides not only in the care of identifying the natural experiments
but also in the fact that results from eleven of the thirteen cohorts are consistently in the same
direction and mean estimates of reduced cases from lockdown are similar from model free
results (52%) and modeling results (50%).
In addition, the authors identify one natural experiment between one US Gulf state that had a huge
social mixer (Mardi Gras) and five other Gulf States without such an event. The state with the social
mixer shows a big increase of over 4,000 cases per million of population, amounting to a huge 296% (4
times) increase in the penetration of the disease, relative to the other five states.
Thus, population in US states paid a high price in terms of higher infections due to a failure to lock down
a state or ban big social mixers. These findings suggest that lockdowns, in addition to better hygiene and
voluntary social distancing, seem to be effective in controlling the spread of the disease. Thus, policy
regarding response to pandemics should be informed by federal agencies and scientists with the
resources to forecast pandemics and ascertain the need for defensive measures, rather than be left
solely to state governors or local officials who lack such resources. Governors are now reopening their
states. Learning from the price of delay in locking down the state would help them assess the true value
of lockdowns and make an informed decision about unlocking the state.
Keywords: Natural Experiments, Difference in Difference, COVID-19, Disease Spread, Penetration,
Lockdown, COVID-19, US Governors, Social Distancing, Healthcare Policy, Infectious Diseases
JEL classifications: I1, I18, M30, O33, D80, P16, Z1
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Main Article
Once the World Health Organization (WHO) declared COVID-19 to be a world pandemic on 11th March
2020,1 nations across the world began aggressive action against it. However, they did so at different
times and in slightly different ways. Thus, the WHO announcement triggered a massive world-wide
experiment in the control of the disease. The Trump administration in the US announced new strict
social distancing guidelines on March 16th2. However, the US government did not have a mandatory
federal policy against the disease, especially regarding lockdowns. It let states adopt their own policy at
their own times. This decision triggered another massive natural experiment at the state level within the
US.3
Governors in their states locked down on different dates, due to their differing belief in the science of
disease spread, political values, exposure to other governors’ actions, and learning.3 Was lockdown
effective? Was delay or inaction harmful? To what extent? To whom? These are hotly debated questions
that this study aims to answer.
To ascertain cause (e.g., delay in lockdowns) and effect (e.g., change in infections or disease
penetration), experimental data are always better than observational or historical data. The reason is
that experiments rigorously control for other factors (like density, climate, housing, and occupation)
besides lockdowns that can affect the outcome, penetration of the disease. Observational data have no
or weak controls, suffering from the statistical problem of confounding (multiple potential causes
occurring at the same time). But, one cannot run explicit public policy experiments with people’s health
and lives. All that the researcher has is observational data of when governors acted and what the
consequences of the actions were in terms of illness.
However, a researcher may be able to identify natural experiments occurring within observational data.4
This is the case with response to COVID-19, because similar states of the US adopted different policies
at different times. To do so, one has to identify the proper treatment and control groups (or states).
One also needs to understand the basics of the spread of viral diseases and the ways to control it. So, we
first summarize the science of the COVID-19 spread and then go on to explain the identification of
natural experiments. We subsequently present the results and then draw implications.

Science of Spread of COVID-19
COVID-19 is an infectious viral disease that can be transmitted from an infected person to an uninfected
person.5 Transmission could occur through physical contact with the infected person’s secretions
directly from him or her or indirectly through secretions passed on to a medium such as air or on a door
knob. In the case of COVID-19, the secretions include those from the mouth or nose through coughing,
spitting, sneezing, talking, or even just breathing. Dr. Anthony Fauci has said COVID-19 is at least 10
times “more lethal” than the seasonal flu, even if the mortality rate drops far below the World Health
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Organization’s current estimate of 3.4%.6 Moreover, two challenges with COVID-19 are its long gestation
period with the possibility of no symptoms for some fraction of infected individuals.7
Two broad sets of methods exist to control the disease: offensive and defensive. Offensive methods
include a vaccine, a curative drug, or testing-tracing-treatment. Defensive methods include voluntary
personal hygiene (washing hands frequently and wearing a mask), voluntary social distancing (staying
home as much as possible and keeping at least six feet away from another person outdoors8), and
lockdowns (mandatory closures of all businesses and gathering places and limiting people’s options to
leave home excepts for necessities).9
In the absence of offensive methods (vaccine, curative drug, or test-trace-treat), the only way to control
the spread of COVID-19 is by defensive methods, minimizing contact among the whole population.10
However, voluntary recommended improvements in hygiene and social distancing may fail because
people may not receive the message, may believe it does not apply to them, may think a higher cause
(e.g., religion, exercise) exempts them, or may intentionally flout the recommendations. Thus, in the
absence of a vaccine, cure, or test, epidemiologists and medical experts recommend that the best
strategy to prevent the spread of COVID-19 is a mandatory lockdown by governments.11 But are these
lockdowns effective? This is the question of this research.

Metrics for Disease Spread
Proper definitions and metrics can help one understand the spread of the disease and inform public
health officials about the duration and intensity of lockdowns. Most media report the absolute number
of new cases or the absolute number of cumulative or total cases on any day. These metrics can be
misleading and uninformative.
When comparing across states or countries, one important metric of the spread of disease is the
penetration of the disease in the population, equal to the proportion of the population that has been
infected at a point in time. The exact measure used for penetration is the number of total cases divided
by the region’s population.1
Another standardization for such comparisons, is start times of the disease. COVID-19 started in
different countries and states at different times. Due to these different start times, the disease would
penetrate to a different level in different states. To control for this difference in penetration as well as
any other differences between two similar neighboring states, we record the difference in penetration
on the date of the first lockdown in that cohort.

1

We do not consider two other important metrics of the spread of the disease, hospitalization and deaths. The
reason is that rural areas have lower access to hospitalization than urban areas, because hospital are located in the
latter. Death rate may also vary, because deaths in a hospital may be wrongly attributed to the state in which that
hospital is located rather than the state in which the person resides. Thus, the record of hospitalizations and death
between two similar neighboring states may differ due to the numbers of hospitals in one versus the other.
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With these metrics, we can now compare the progress or spread of the disease across states of the US,
even though they differ by population and start dates of the disease.

Describing COVID-19 Spread
The percentage of new cases of COVID-19 increases steeply initially and then declines steadily across
most states of the US (see Figure 1). This decline is probably due to better hygiene, social distancing, and
mandatory lockdowns. However, important differences exist across states that are not visible when
growth rates of all are plotted in one graph.
Figure 2 describes the evolution of the disease, in terms of penetration, across ten states of the US,
selected to represent the most different geographic and climate regions of the US. We chose two states
from each region of the US in order to represent the variation across the whole country. Because a small
number can be highly erratic and prone to error, an alternative appropriate starting date is when the
penetration level of the disease in a region crosses a pre-determined threshold. That is, if a state has no
cases for the first few days, we drop those days and move the series back. The exception to this rule is
the unavailability of data for a few states prior to their reaching this level. Only for Figure 2, we use the
log of penetration of the disease (total cases) per million population of the state. We use log of the
penetration because the numbers for New York and New Jersey are so large as to drown out differences
across all the other states. We standardize the data so that all states start at the same starting point in
level of penetration, irrespective of calendar time. Several features of these curves are noteworthy.
First, despite enormous differences in population, density, climate, geography, and lifestyle that may
affect the spread of the disease, these curves show remarkable similarity. All rise rapidly initially, then
rise less rapidly, and finally begin to flatten out. This similarity is due to the common means of
transmission of the disease and similar efforts to control its spread across all these regions: better
hygiene, social distancing, and lockdowns.
Second, these curves rarely cross each other. Thus, each state seems to have its own rate of increase
and levelling off in the spread of the disease.
Third, clusters of states with similar penetration of the disease are observable in the states of the US.
For example, Figure 2 shows similar penetration of the disease for New York and New Jersey in the
Northeast, Illinois and Indiana in the Midwest, Florida and Georgia in the South, California and Texas in
the West, and Montana and Wyoming in the Mountain States. Thus, to observe the effect of lockdowns,
one must observe only a cohort of similar neighboring states that differ in lockdown dates.
Fourth, population density, housing, and occupation may explain the differences between these regions.
They are listed in the order of decreasing density of population. High density involves more interaction
among people, when travelling to work (e.g. use of subways vs autos), in denser housing (apartments vs
single family homes), or in denser working spaces (small versus large offices). As we move from high
density to low density, the curves are lower. Thus, when trying to identify the effect of policy differences
4
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between states, such comparisons should be restricted to similar neighboring states with similar density,
climate, housing, and occupation. These four factors determine how close or far people live and work
with each other and how they commute between home and work.

Identification of Natural Experiments in Lockdowns
We define lockdown as a mandatory order that requires citizens to stay-at-home except for essential
activities such as shopping for groceries or medications. Our goal is to ascertain whether differences in
timing of lockdowns (treatment) because any differences in penetration of the disease in the population
(dependent variable). The science of the spread of COVID-19, described above, suggests that the state
that locks down later or never locks down, would have a higher level of penetration of the disease. This
becomes our testable “alternative” hypothesis. The “null” hypothesis is that lockdowns have no effect
on the spread of the disease because the disease follows its own intrinsic path independent of external
intervention, especially lockdowns. In this case, we would find no differences between states that lock
down early and those that do so late or never.
To test these alternate hypotheses we need two similar neighboring states that differ only in lockdown
dates. Because of the similarity of the penetration of the disease in neighboring states evident in Figure
2, we adopt the following strategy to identify such states:
1. Group states into geographic clusters with similar climate, population density, housing, and
occupation. Figure 3 shows these eight clusters.
2. Obtain lockdown dates for all these states in these clusters. Table 1 presents these clusters with
dates of lockdowns by various states.
3. Identify two similar neighboring states within these clusters that differ in lockdown dates by
seven or more days. Call these pairs of states, cohorts.
4. If three states fit these criteria, pick the two that share the widest border.
5. Use a state only once for the analysis.
Note from Table 1, how within geographic clusters, most states lockdown fairly close to each other,
implying a regional coordination or cascade.12 However, a few pairs of states within clusters lockdown at
different times. We identify thirteen such pairs, which we call cohorts. These cohorts represent a natural
experiment, because most other important variables (i.e., population density, climate, housing, and
occupation) are similar. In addition, we assume citizens of all states followed similar improvement in
personal hygiene and social distancing as recommended by the US government on March 16th.
Differences in control of the spread of the disease can then be attributed only to lockdowns. We call this
a natural experiment because we, the authors, did not create the critical difference in lockdowns.
In addition we identify one cluster, US Gulf States, comprising Louisiana versus Texas, Missouri, Georgia
Alabama, and Florida. (See Figure 6). All have similar geography, climate, and density, relative to other
states of the US. The one difference is that Louisiana had a major social mixer – Mardi Gras, in its capital,
New Orleans, for about two weeks prior to February 25th. This festival brings in millions of tourists to the
5

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=3592912

city, for weeks of intense celebrations, including parades, music performances, dancing, bead-catching,
and drinking and dining in large groups. This heavy influx and intermingling of tourists, who are also
socializing intimately, creates a “petri-dish” for the incubation and spread of a viral disease, such as
COVID-19. “I think the timing is definitely right,” said Dr. Richard Oberhelman, chair of the Global
Community Health Department of Tulane’s School of Public Health.” Some of those visitors were from
places like Italy, France and Asia, where the virus was already spreading before we saw it here.”13 Such
events are being called super-spreaders for the disease. So, Louisiana differed dramatically from all the
other US Gulf states, due probably to hosting Mardi Gras. In contrast, the city of Austin, in Texas,
cancelled a similar music event, South-by-Southwest, on March 6th. Thus, we would expect Louisiana to
have a much higher penetration of the disease than these other states that had no such big social
mixers. This natural experiment is slightly different than the other thirteen in that the treatment is not
so much the date of lockdown as the presence of a huge social mixer.

Data
We obtained the data on total cases per million population of COVID-19 for each US state from
Flevy.com, supplemented by the Coronavirus Resource Center of the John Hopkins Medical Center and
the Coronavirus news tracking website WorldoMeter. State data is available as of March 10th 2020. We
collected dates of lockdowns for each state from Wikipedia, other tracking sites, states’ websites, and
announcements made by the Governor’s offices in each state. We collected data till April 30th 2020. As
of May 1st, 2020, states began announcing suspension of lockdowns and populations became restive and
began violating lockdown and social distancing rules. Thus, other factors may confound the natural
experiments after April 30th 2020.14

Analysis
We estimate the effect of lockdowns through a statistical method to analyze natural experimental data
called difference in difference. For this purpose, we record the penetration of the disease in the
population of each state in each cohort at two points in time: the day of the first lockdown in the cohort
and the last date of the observation period, April 30th. We compute the difference in penetration of the
disease in the two states in a cohort, at the first point in time (Difference 1) and the last point in time
(Difference 2).


Difference 1 is due to the differing evolution of the disease in the states, prior to lockdown, due
to different start times of the disease or any other remaining differences not accounted for by
our choice of similar neighboring states.



Difference 2 is due to difference in lockdowns plus different start times of the disease in the two
states or any other remaining differences not accounted for.

We then compute the Net Difference = Difference 2 - Difference 1. This value estimates the pure effect
of lockdowns on the penetration of the disease in a state relative to a comparable one that did not do so
or did so late. If the results of all these natural experiments are the same or at least in the same
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direction, that would give high confidence that lockdowns affect the penetration of the disease. If not,
then no such conclusion can be drawn.
We can also estimate the effect of lockdowns through a formal statistical difference in difference
regression model:
Yijt = αj + βTt + τLijt + Σk ẟk X kijt + єijt

Equation 1

Where,
t
index for time in days
j
index for cohort (= 1 to 13)
i
index for state (= 1 or 2) within each cohort
k
index for control variables
Yijt
Daily Change in Penetration of the disease at time t, in state i, in cohort j (= 1 to 13)
T
Time (trend) in days
Lijt
Lockdown = 1 or 0, for each state, in each group, for each day of mandatory lockdown
Xijt
Control variables for characteristics of each state, listed below.
α
Fixed effects for cohort
єijt
Error terms initially assumed to be IID normal.
αj , β, τ, and ẟk are parameters to be estimated.
To estimate this model, we pool data from all 26 states in the 13 cohorts comprising the identified
natural experiments. Thus, the data are 26 cross sections of states x 50 days, daily data, from March 10th
to April 30th 2020. We end the observation period on April 30th because states started opening or
unlocking in May 2020.
The key variables are those measuring the spread of disease, political affiliation and interventions like
mandatory lockdown. Below is the list of variables with expected effects:


Disease Spread: We measure the spread of disease using two variables – lockdown and time
trend.
o

Time Trend: We measure the time since the first case in state for each state as a proxy
for the spread of the disease. We include a squared term of Time Trend to capture
nonlinear effects.

o

Lockdown: We define lockdown as mandatory stay at home orders limiting all
nonessential travel and business activities issued by the governor’s office in each state.

We also include control variables for factors that are suspected to influence the spread of the disease.
Below is the list of control variables with expected effects:


Density of population: a denser population increases inter-person interactions and promotes
spread of the disease.
7
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Urban Population: A higher percentage of urban population in a state increases the risk of
exposure to the disease, due to higher interpersonal contact in public places, mass transit, and
residential and commercial buildings.



High temperature of the biggest city in state: higher temperatures have been found to
decrease spread of the disease.15 We use the biggest city because most of the cases tend to
cluster around the biggest city of each state. An average of the state would be misleading,
especially for states that have a sprawling land mass.



Humidity of the biggest city in the state: higher humidity has been found to decrease spread of
the disease.16 As above, we use humidity of the biggest city in the state.



Latitude of the biggest city in the state: Geographical areas at the same or similar latitude may
be susceptible to similar levels of threat of disease spread; as above, we include the latitude of
the biggest city of the state as a control variable.



GDP: States with higher GDP have a higher percentage of jobs in the tertiary sector; such jobs
are more amenable to remote work and facilitate social distancing to slow disease spread.
States with higher GPD should have lower cases ppm.

In addition, we include three other control variables that influence the decision to lockdown.17


Learning: States afflicted with the disease learn from those afflicted earlier3. In line with prior
research, we include the days between the first case in the state and the first case in US to
measure the learning.



Political affiliation: Whether the governors of the state was a democrat or republican.
Democrats are expected to be more passionate about lockdowns and would implement them
more vigorously than republicans3.



Cascades: Many governors, unsure of the best strategy, decide to lockdown based on observing
others in similar circumstances3. In line with prior research, we include the number of governors
announcing lockdowns in the prior three days to account for these cascade effects.

Other control variables considered but not included in the model due to high multi-collinearity with the
above variables include, air traffic of the major city in the states.

Results
We discuss model free graphical results followed by results of estimation of the difference in difference
model.

Model Free Results
Thirteen Natural Experiments
Figures 4 and 5 present the model free graphical results showing the evolution of the disease in each
cohort, with the lockdown dates, if any. The state without a lockdown or with one that is late is in red
8
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while that with a lockdown is in blue. The date of the lockdown, if any, is marked with a dot on the
curve. Table 2 gives the percentage increase in disease penetration as of April 30th, in the state with a
late or no lockdown relative to the state with a lockdown, in each cohort. These model free results
reveal the following findings.


Prior to the first lockdown, most states in a cohort have similar diseases penetration.



After lockdowns, in eleven of the thirteen cohorts, the state locking down late or never has a
higher penetration of the disease.



The median increase in penetration of the disease due to a late or no lockdown down is 39% and
the average increase is 52% relative to a similar neighboring state with a lockdown (see Table 2).

US Gulf States
Figure 6 shows the evolution of disease penetration of the US Gulf States. Note how Louisiana has a
dramatically higher penetration than any of the other Gulf States. These states lie on either side of
Louisiana, sharing similarities in Gulf weather plus other similarities of climate, lifestyle, housing and
occupation. The increase in penetration of the disease in Louisiana relative to the other five states is
296% as of April 30th.
The one major difference that could account for these differences in penetration of the disease in
Louisiana relative to the other five states is its hosting of Mardi Gras as described earlier. Even New
Orleans Mayor, LaToya Cantrell, attributed the severe higher rates of penetration of the disease in
Louisiana to Mardi Gras. She admitted, had she known of the risks of COVID-19 pandemic ahead of
Mardi Gras, she would have shut down the event. She lamented, “We were not given a warning or even
told, ‘you know what? Don’t have Mardi Gras.’”18 Thus, the hosting of a huge social mixer can
exacerbate the penetration of the disease in a state far more than would any delay in the lockdown of a
state.

Difference in Difference Regression Model Results
The results of the difference in difference regression model are in Table 3. We run three models. Model
1 includes the key variables (lockdown plus time trend) plus control variables. All variables are significant
and in the expected direction.


The positive effect of Time Trend reflects that fact that the disease spreads rapidly over time
until measures to contain it kick in. The positive effect of the squared term of Time Trend
reflects that fact that the rate of increase in the spread of the disease increased over time in
spite of the measures taken to contain it.



The coefficient of Lockdown, -178, suggests that a lockdown decreased disease penetration over
the observation period of March 10th to April 30th. Using the mean values of the control
variables, we estimate the impact of lockdown to lower total cases per million by 33%. This
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implies that had all states implemented mandatory lockdown in a concerted manner across the
US when CDC announced the first travel-related case of coronavirus on Jan 21, 2020, the impact
of just this variable alone would have reduced the total number of active cases by 352,914 cases
as of Apr 30th, a 33% reduction over the cumulative active cases on Apr 30th of 1,069,437.


All effects of the control variables are significant and in the expected direction. The R2 is
reasonably good at 59%.

Model 2 includes the key variables (lockdown and time trend) and fixed effects for the twelve cohorts
(Cohort North Carolina-South Carolina is held back as the base). The effects of the key variables remain
robust while R2 declines slightly to 58%. The coefficient of Lockdown is also negative suggesting that a
lockdown decreases disease penetration, over the observation period, just as in Model 1. Model 2
predicts the impact of lockdown on reducing the cumulative cases by 50%.
Model 3 includes the key variables (lockdown and time trend), control variables, and variables that
affect the decision to lockdown, learning, political affiliation, and cascades. The effects of the key
variables remain robust and R2 improves significantly to 67%. The coefficient of Lockdown is also
negative suggesting that a lockdown decreases disease penetration, over the observation period, just as
in Models 1 and 2. The coefficient of party affiliation seems to have the opposite sign from what one
may expect – democratic governors were more enthusiastic to embrace lockdowns and more rigorous in
implementing it. Yet, its coefficient is negative, probably due to multicollinearity with other variables
that causes democratic states to have a higher levels of disease penetration. We use Model 3 for policy
implications because it is the most complete, having control for all relevant variables.
We compute the percentage reduction in cumulative cases due to lockdown using the following
formula: the coefficient of lockdown divided by the sum of (intercept term plus the coefficient of each
independent variable times its mean value). Using this formula, the percentage reduction in cumulate
cases due to lockdown for Model 3 is 50%.

Discussion
COVID-19 struck the US causing a massive pandemic, the likes of which the US had not witnessed for
almost a hundred years, since the Spanish Flu in 1918. City, state, and federal governments were
unprepared for the pandemic. The federal government has the benefit of multiple federal agencies to
forewarn it, including the National Institute of Allergy and Infectious Diseases (NIAID), the Center for
Disease Control (CDC), and the National Institute of Health (NIH). States and cities have no such
resources. On March 16, the US Federal government warned citizens to adopt better hygiene and social
distancing against COVID-19. However, the US government adopted no mandatory lockdown policy
across the whole federation of states. Because citizens were unlikely to follow strict hygiene and social
distancing required to prevent the spread of COVID-19, 43 US states ordered lockdowns while seven did
not. States did so at different times over 19 days.
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The difference in implementation of lockdowns generates numerous natural experiments. However, to
identify these experiments, one has to find neighboring states with similar geography, climate,
population density, housing, and occupation, but differing in lockdown policy. We found thirteen such
cohorts in the US. In addition, we found one cohort of US Gulf states that differed dramatically in
hosting a huge social mixer. Note, the rigor of these natural experiments is due to three
standardizations:


Computing total cases per million of population, thus controlling for population.



Analyzing difference in difference between cumulative cases at the first lockdown and at April
30th 2020.



Identification of cohorts of similar neighboring states.

Difference in Difference analysis of the resulting natural experiments suggests the following conclusions:


All states show a substantial decline in the growth of COVID-19 (see Figure 1), with total
penetration tending to level off after rising steeply initially (See Figure 2). This decline is
probably due to better hygiene, social distancing, and mandatory lockdowns.



However, large differences exist within cohorts of similar neighboring states that differ only in
date of mandatory lockdowns.
o

Prior to the first lockdown, most states in a cohort have similar disease penetration.

o

After lockdowns, in eleven of the thirteen cohorts, the state locking down late or never
has a higher penetration of the disease.

o

The average increase in penetration of the disease due to a late or no lockdown down is
52% relative to a similar neighboring state with a lockdown (see Table 2)



In one natural experiment involving a huge social mixer (Mardi Gras) in one state (Louisiana)
versus five similar neighboring states that did not have such an event (Alabama, Texas,
Mississippi, Georgia, and Florida), the state with a huge social mixer suffers a steeply higher rate
of penetration of the disease than the other five states, of 296%.

Formal statistical analysis via a difference in difference regression model yields the following results:


The model does very well, explaining 67% of the variance in the evolution of the disease.



The effects of all explanatory variables except one are in the right direction



Locking down a state, versus not doing so or doing so late, results in a lower penetration of the
diseases of about 50%, over the observation period of March 16th to April 30th. The sign of this
coefficient is very robust to different model specifications (inclusion or exclusion of control
variables).

The major implication emerging from this analysis of thirteen natural experiments is that policy
regarding response to pandemics should be based on scientific evidence and recommendations
11
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emerging from Federal agencies, Federal departments, and research scientists with resources and
expertise to monitor pandemics and forewarn the public. It should not be left solely to governors of
states, who are elected politicians, and may not have the scientific expertise or resources, on which to
rely. While governors have a better understanding of the economics of their own states, they may not
fully appreciate the dangers of a pandemic. Moreover, even if they learn and draw from the experience
of others, the resulting action may not be timely, as was the case of Louisiana (not shutting down Mardi
Gras) versus Texas (shutting down South by Southwest). The mayor of New Orleans, LaToya Cantrell’s
poignant lament deserves scrutiny and verification, “We were not given a warning or even told, ‘you
know what? Don’t have Mardi Gras.’”Error! Bookmark not defined.
Readers may ask one question. Why are these differences not apparent in the data reported by media
and data suppliers? Three reasons may explain this observation. First, the media focus on absolute
penetration and absolute cases instead of on a percentage of the population. Thus, states with huge
population and population density such as New York get the most attention. Second, media do not
report after adjusting for different starting dates of the disease in different states. Third, media may not
report within cohorts of similar neighboring states that differ only in policy regarding lockdowns. Such
comparisons are essential to identify effects of policy differences.
Governors are now reopening their states. Learning from the cost of delay in locking down the state
would help them to make an informed decision.

Limitations
As with other such studies, we acknowledge several limitations with this work. First, we are limited by
the data available currently on this dynamic phenomenon. Skiera et al. (2020)19 raise questions about
the validity of data available on COVID-19 infections. Recently, questions have been raised about the
data from some US states such as Georgia and Florida. Availability of richer and more valid data will
allow for a better exploration of these research questions. Second, we have not yet explicitly controlled
for differences in the scope, type, and sample of testing across states. The number of cases reported on
each date in any state is influenced by its strategy and resources allotted towards testing both
symptomatic patients and asymptomatic individuals. Bill Gates in a recent Town Hall20 highlighted the
limitations of testing as some people are tested multiple times while many communities are unlikely to
be tested at all. Moreover the delay in obtaining reliable testing results can further influence the results.
For example, if states that delay lockdowns also reduce the number of patients tested, the net cost of
delays may be significantly higher than observed with current data. Third, we have used 32 states of the
US in our analysis, because the remaining states do not different substantially in lockdown dates within
their respective clusters. A complete analysis would attempt to include all 50 states.
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Figure 1: Growth rate* of COVID-19 by US States in March and April 2020
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total recoveries is not available on a daily basis for the US States.
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Figure 2: Ln (Total Cases Per Million) with Same Start Date across Select States
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Figure 3: Geographic Map of US Showing Clusters of Similar Neighboring States
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Figure 4: Disease Penetration in Similar, Neighboring States Differing in Lockdown Dates
Figure 4a: Total Cases Per Million since First
Case in State across North and South Carolina

Figure 4b: Total Cases Per Million Since First Case in
State Across Kentucky and Tennessee

Figure 4c: Total Cases Per Million Since First
Case in State Across West Virginia and Virginia

Figure 4d: Total Cases Per Million Since First Case in
State Across California and Nevada

Figure 4e: Total Cases Per Million Since First
Case in State Across Ohio and Pennsylvania

Figure 4f: Total Cases Per Million since First Case in
State across Montana and Wyoming

Figure 4g: Total Cases Per Million Since First
Case in State Across Vermont and Maine

Figure 4h: Total Cases Per Million Since First Case in
State Across Maryland and Delaware
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Figure 5: Disease Penetration in Similar Neighboring States where only one issued a lockdown
Figure 5a: Total Cases Per Million since First Case

Figure 5b: Total Cases Per Million since First

in State across Wisconsin and Iowa
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Figure 5c: Total Cases Per Million since First Case

Figure 5d: Total Cases Per Million since First

in State across Minnesota and North Dakota

Case in State across Oklahoma and Arkansas

Figure 5e: Total Cases Per Million since First Case in State across New Mexico and Utah
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Figure 6: Total Cases per Million since First Case in State across Louisiana vs Texas, Mississippi,
Georgia, and Florida
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Table 1: Geographic Clusters of Similar States with Lockdown Dates
(Pairs of Similar States Differing in Lockdown Dates are Highlighted Yellow or Blue. States that differ in
big social mixer are highlighted green).

West
Washington
Idaho
Oregon
California
Nevada
Arizona

Others

Lockdown
23-Mar
25-Mar
23-Mar
19-Mar
1-Apr
31-Mar

Lockdown

Alaska

28-Mar

Hawaii

25-Mar

Central
Minnesota
North-Dakota
South-Dakota
Iowa
Wisconsin
Kansas
Nebraska
Arkansas
Oklahoma
Missouri

Mountain
Montana
Wyoming
Colorado
Utah
New Mexico

Lockdown
27-Mar
No
No
No
25-Mar
30-Mar
No
No
2-Apr
6-Apr

Lockdown
28-Mar
No
26-Mar
No
24-Mar

Midwest
Pennsylvania
Ohio
Michigan
Illinois
Indiana

Gulf
Georgia
Alabama
Florida
Mississippi
Texas
Louisiana

Lockdown
1-Apr
23-Mar
24-Mar
21-Mar
25-Mar

Lockdown
3-Apr
4-Apr
3-Apr
3-Apr
2-Apr
23-Mar

Northeast

Lockdown

Maine
New-Hampshire
Vermont
Massachusetts
Connecticut
New York
New Jersey
Rhode-island
Delaware
Maryland

South

2-Apr
27-Mar
25-Mar
24-Mar
23-Mar
22-Mar
21-Mar
28-Mar
24-Mar
30-Mar

Lockdown

West Virginia
Virginia
North Carolina
South Carolina
Kentucky
Tennessee

23-Mar
30-Mar
30-Mar
7-Apr
26-Mar
2-Apr
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Table 2: Summary of Differences in Natural Experiments with US States (As of Apr 30th)
in Cases /Million
State with
State with No/Late
Early
Lockdown or Difference in Difference in
Lockdown or With
Lockdown
Social Mixer
Disease
Disease
Big Social Mixer
or No Big
Treatment Penetration* Penetration*
(Population)
Social Mixer
on Apr 30th at Lockdown

Difference
in
Difference
in Disease
Penetration
*

%
Difference
in
Difference
in Disease
Penetration
*

West
Virginia

Virginia (8.5 M)

~1 Week Later

741

21

720

115%

Maryland

Delaware (1 M)

~1 Week Later

1,265

49

1216

34%

Kentucky

Tennessee (6.8 M)

~1 Week Later

517

105

412

39%

North
Carolina

South Carolina (5.2
1+ Weeks Later
M)
Pennsylvania (12.8
1+ Weeks Later
M)

158

55

103

10%

2,205

17

2188

142%

Ohio
Vermont

Maine (1.3 M)

1+ Weeks Later

-573

-95

-478

-34%

California

Nevada (3.1 M)

~2 Weeks Later

372

26

346

27%

Kansas

Nebraska (1.9 M)

4+ Weeks Later

698

-53

751

50%

Minnesota

North Dakota (0.8
M)

4+ Weeks Later

559

19

540

59%

Montana

Wyoming (0.6 M)

4+ Weeks Later

518

-2

520

123%

Oklahoma

Arkansas (3 M)

4+ Weeks Later

173

-10

183

20%

Wisconsin

Iowa (3.2 M)

5+ Weeks Later

1,087

-60

1147

98%

New Mexico Utah (3.2 M)

5+ Weeks Later

-169

45

-214

-13%

Mean Difference in Difference Growth Rate **

-52%

* Of State with no/late Lockdown over that with early lockdown
** Median increase of State with no/late Lockdown versus of State with early Lockdown is 39%.
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Table 3: Impact of Lockdown on Disease Penetration (Total Cases per million)
(by Difference in Difference Regression Model)

Model 1
Variable
Intercept
Time
Time

2

Lockdown
Population Density
(M/mi2)
Urban Population (%)
March Temperature
(°C) Biggest City
Latitude
March Humidity (%)
Biggest City
GDP

Model 2

Estimate

t Value

Estimate

t Value

Estimate

t Value

2050.4

2.7**

-741.6

-10.0***

1371.9

1.9*

36.8

13.5***

46.2

17.1***

32.6

12.7***

0.02

2.6**

-0.1

-3.8**

0.15

5.1***

-178.4

-4.2***

-242.9

-5.5***

-232.3

-4.7***

1.0

18.5***

0.8

16.3***

0.6

0.4

3.7

2.2*

-14.9

-3.2*

-34.7

-8.0***

-23.3

-2.4***

-51.2

-5.9***

-15.4

-5.2**

-13.6

-5.0***

-0.7

-14.0***

-0.1

-1.3

51.1

19.9***

187.2

5.1***

-13.5

-2.6*

Learning
Political Affiliation
(Democrats=1)
Cascade
FE cohort 1 (KY-TN)

117.3

1.42

FE cohort 2 (WV-VA)

266.0

3.15**

FE cohort 3 (CA-NV)

-469.5

-5.39***

FE cohort 4 (OH-PA)

815.3

9.84***

FE cohort 5 (VT-ME)

232.9

2.79**

FE cohort 6 (MD-DE)

1535.0

18.48***

FE cohort 7 (MT-WY)

40.1

0.48

FE cohort 8 (WI-IA)

-255.7

-2.98**

FE cohort 9 (KS-NE)

236.8

2.83**

FE cohort 10 (MN-ND)

28.6

0.34

FE cohort 11 (OK-AK)

-46.8

-0.56

FE cohort 12 (NM-UT)

235.2

2.82**

N
Adj. R

2

Impact of Lockdown

Model 3

1644

1644

1644

0.59

0.58

0.67

-33%

-50%

-38%
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