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I. Introduction

The year 2020 rocked global society and the economy as the novel Coronavirus spread
rapidly throughout the world. Citizens were ordered to quarantine at home indefinitely as public
transit came to a halt, company offices and businesses closed their doors, and hospital systems
began to face overwhelming numbers of patients. Upon publication of this report the world is
coming up on the two year anniversary of COVID-19’s entrance on the international stage and
the pandemic has been a life defining moment that has affected how society functions on both an
individual and institutional basis. The
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and 800,000 deaths from COVID-19 in the U.S.



Thus, the health risks of COVID-19 remain prominent. For those that survive an infection
with the virus, many new reports are coming out about long term consequences on brain, lung,
and heart health. Many people, even those who are young, have been known to describe a “fog”
that lingers after COVID-19 infection that makes work and productivity much more difficult.
Given these health consequences, being able to identify trends and patterns in who is most
vulnerable to contracting COVID-19 is powerful.

COVID-19 cases are not uniform throughout the country, and many regions have
experienced higher rates of the virus than others. Identifying these at-risk locations can help
direct more resources and information towards them to best mitigate the risk and prevent the
most number of people from suffering from this virus’ consequences. Therefore, the main
questions this report seeks to address are:

1. Do people in America face different risk profiles in contracting COVID-19 based on their
location?
2. Are some subsets of the American population more susceptible? Are some subsets better
equipped to avoid contracting COVID-19?
3. What factors influence this risk?
The key risk factors examined are population size, mask use, and political leanings of
population subgroups. This is examined at both the county and state level, as well as in high risk

epicenters such as prisons and college campuses nationwide.



I1. About the Data

A. Data Sources

This analysis primarily uses The New York Times Coronavirus (COVID-19) data to
answer these questions. This dataset contains four tables of cumulative counts of coronavirus
cases in the United States, at the state and county level, as well as at the prison and college level
from the start of the pandemic until November 1st, 2021. Individuals included in the data are
counted where they are being treated/tested for COVID-19, not necessarily where they live.

The college dataset was constructed from a survey between July 2020 and May 2020.
The survey used reports from students and employees from every four-year public institution and
every private college that competes in N.C.A.A. sports.

The mask-use-by-county data came from a large number of interviews that asked “How
often do you wear a mask in public when you expect to be within six feet of another person?”
The interviews were gathered once in early June 2020 and obtained 250,000 responses.

Data for the Facilities dataset was collected from March 2020 to March 2021 on cases
and deaths in state and federal prisons; immigration detention centers; juvenile detention
facilities; local, regional and reservation jails; and those in the custody of the U.S. Marshals
Service. The data was collected from websites overseen by state and federal prison systems and
Immigration and Customs Enforcement or through direct inquiries and public records requests,
and from data presented at news conferences and meetings of county or state officials.

College enrollment data in 2020 was gathered from private company StateUniversity.com
who provide the only publicly available enrollment data for the top 500 ranked colleges across
the nation. Political affiliation data was provided by MIT’s Election Data Science Lab which

contained county-level results for presidential elections from 2000 to 2020. Additionally, a



dataset with total population by county and a dataset with number of votes cast for each party in

the 2020 election were acquired from the US Census Bureau.

B. Data Cleaning + Exploratory Data Analysis

The college dataset was fairly well maintained but required substantial merging to
combine college case data with enrollment numbers in 2020, mask use data in the surrounding
counties, and election results of the surrounding counties. After initial data type correction and
filtering for election results in 2020 only, NA values were addressed via median imputation.
Median imputation was chosen as an alternative to mean imputation to preserve more of the
data’s integrity without losing observations so as to analyze as many colleges as possible. After
cleaning, college COVID-19 case data was joined with enrollment and mask usage data by
“county name” and “state”. Case rate was again calculated by dividing total number of cases by
student enrollment numbers in 2020. The prison dataset underwent a very similar cleaning
process in order to join facility data such as inmate population, case rates, and facility type with
external data such as surrounding county mask usage and political leaning.

To evaluate differing covid case and death rates between groups of counties based on
frequency of masking, the mask dataset, county population dataset, as well as the covid case and
death numbers were utilized. For each dataset, the column name corresponding to the fips county
code was named “fips” and transformed to a numeric value if necessary in order to merge the
three datasets. Once merged, the covid case rate was calculated by dividing the number of
confirmed cases obtained from the covid dataset by the total population from each county given
by the Census Bureau dataset. The same process was used to calculate the covid death rate. The

rows were then arranged from highest to lowest for the proportion of people who answered



“never” in response to how often they wore masks, counties with cases or deaths listed as NA
were dropped to avoid missing values, and the top 30 resulting counties were selected and input
into a separate dataset to represent a subset of counties with low mask usage. The same process
was repeated, except with counties who answered “always” in response to how often they wore
masks, to find the 30 counties with the highest mask usage. These two separate datasets were
then combined into a final dataset, with the low mask counties and high mask counties labeled
accordingly, along with their respective corresponding covid case and death rates. Lastly, we
merged the counties dataset with datasets containing information regarding how the county voted
in the 2020 presidential election, as well as information regarding how the state the county is

located in voted in the 2020 presidential election.

Exploratory Data Analysis

Initial exploratory data analysis offers interesting insight into patterns between these
variables. Figure 2 highlights COVID-19 infection rates versus the percentage of a county that
always wears masks, showing that most counties with a high mask usage rate also voted
Democratic in the 2020 election. However, this plot doesn’t necessarily indicate a strong linear
relationship between infection mask usage and infection rate.

Figure 2
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A series of boxplots examine the difference in mean case rates across different
subgroups. For counties and states that voted Republican in the 2020 election, the average
COVID-19 infection rate is slightly higher than counties and states that voted Democratic.
Republican counties also tended to have a wider range of infection rates than Democratic
counties, which raises questions about the socioeconomic and demographic composition of the

two groups of counties.
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For counties and states that voted Republican in the 2020 election, the mask usage rate is
lower on average than for counties and states that voted Democratic. A median of 60% of
counties that voted Democrat reported always wearing masks, while a median of 49% of
counties that voted Republican reported always wearing masks.

Figure 4
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College Level Relationships
Figure 5

Covid Infection Rate on College Campuses
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Similar relationships were visualized at the college level. Figure 5 illustrates COVID-19
infection rate against political leaning of the surrounding county using a college’s COVID-19
rate. The same trend holds of colleges in Republican voting counties seeing higher infection rates
on average than colleges in Democratic counties. It is interesting to compare these rates to those
of the surrounding county to pinpoint how similar a college’s infection rate is to their county's
infection rate. Are the campus boundaries fairly porous? Is there significant overlap between the
college population and the county population that would lead to high transmission rates between
the groups? Or is the college fairly self contained? From these plots it appears that on average a
campuses infection rates mirror those of its surrounding county, but the variance on campuses is

larger. This makes sense given that college’s make separate COVID-19 prevention plans than

their local government.



Figure 6

Covid Cases on College Campuses
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Figure 6 examines many of these relationships simultaneously by graphically depicting
COVID-19 case rates in colleges against the percent of the state that always wears a mask.
Counties are colored by their political results in the 2020 election and size of the point varies by
case rate. As seen, many Democratic counties (in blue) exist in the upper left corner of the plot
where cases are low and mask usage is high - supporting the hypothesis that Democratic counties
tend to have higher rates of mask usage than Republican counties. This plot also offers promising
early evidence of a negative linear correlation between mask use and infection rates to support

the claim that masks DO work in mitigating the risk of COVID-19.

Prison Level Relationships

Basic boxplots were also generated to examine the relationship between these variables in
prisons. Prisons with large populations seem to have a slightly higher infection rate than prisons

with small populations at around .25 and .20 respectively.



Figure 7

Prison COVID-19 Case Rates For Big and Small Prisons
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Finally, Figure 8 illustrates the relationship between prison infection rates and the
political affiliation of their surrounding county. Prisons located in counties that voted Republican
in the 2020 election appear to have a slightly higher mean COVID-19 infection rate than the
prisons located in counties that voted Democratic. These relationships are explored more in the

models.

Figure 8
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III. Analysis and Statistical Methods

A. Conditional Probability Models
One initial method used to measure these relationships at the county level was
conditional probability models. Conditional probabilities measure the probability that an event
occurs, given the probability that another event has already occurred. The conditional probability
was utilized to determine if mask usage as well as if the political leaning of a county had an

effect on covid case rates.

B. Hypothesis Testing

Hypothesis testing is useful in determining whether the difference between a numerical
measure involving two or more groups is statistically significant. In hypothesis testing, a null
hypothesis is defined in reference to a particular question that can be answered with statistical
analysis. An alternative hypothesis is then declared in opposition to that null hypothesis. The null
hypothesis can be rejected only if it falls below a certain significance level. The significance
level is the probability that a given result occurs given that the null hypothesis is true. A
permutation test is one particular method of hypothesis testing. To conduct a permutation test,
there must be two or more categories with corresponding numerical values. The numerical values
are then randomly reassigned among the various categories. This random reassignment process is
repeated for a large number of iterations to produce a distribution of values. If the original value
falls sufficiently within this distribution as determined by the significance level, then the null

hypothesis can be accepted.
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Within the context of the COVID analysis, there are two different average covid case
rates between counties with high mask usage and counties with low mask usage. The null
hypothesis is that the mean covid case rate is the same between the two different groups of
counties. The alternative hypothesis is that the covid case rate in the group of counties with high
mask usage is lower than the group of counties with low mask usage. To test this hypothesis, the
actual difference between the average covid case rate of the low mask usage counties and high
mask usage counties was calculated. The resulting difference in means was found to be
-0.03585878. To conduct the permutations, each covid case rate from a particular county was
randomly reassigned to either a “low mask usage” or “high mask usage” county. The difference
of the mean of the low mask usage dataset by the high mask usage dataset was then calculated
for each permutation. This process was then repeated 1000 times. If the two groups have the
same mean case rate, it should follow that the difference between the two means should be 0 on
average. The actual difference in the groups’ mean case rates must then be evaluated to the
distribution of the mean difference in permutations. The exact same process was utilized to

compare the average covid death rates between the two groups of counties.

C. Confidence Intervals
A confidence interval defines a range that a given parameter will fall into within a
specified probability. In bootstrap sampling, the values from a dataset are resampled with
replacement to create a new dataset that is the same size as the original. A statistic from this
dataset is then calculated, which is usually the mean or median. The process is then repeated
many times, until a sufficient distribution of the calculated statistics is produced.
Within the context of the COVID analysis, confidence intervals were calculated to

compare the mean difference in case rates across subsets of the college and prison populations.
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Bootstrap sampling was used for this process to find the mean of data subsets, calculate the
difference of means, and then generate the 5% and 95% quantiles of that bootstrap mean
difference. Bootstrap sampling was used because the college case rate data was not normally
distributed and the datasets were large.

Subsets were constructed for the college case rate data for school size, political leaning,
and mask usage. The school size subsets consisted of small and large school subsets. The small
schools’ subset contains the case rates of colleges with less than or equal to 18000 enrolled for
2020. The big schools’ subset contains the case rates of colleges with more than 18000 enrolled
for 2020. The political leaning subsets consisted of the case rates of colleges in
Republican-voting counties and of colleges in Democratic-voting counties in the 2020
presidential election. The mask usage subsets consisted of a high and low mask usage subsets.
The high mask usage subset contains case rates of colleges where the surrounding county has a
value greater than 0.5 for “Always” wearing a mask. The low mask usage subset contains case
rates of colleges where the surrounding county has a value of 0.5 or less for “Always” wearing a
mask.

Subsets were constructed of the prison case rate data for prison size, political leaning, and
state vs. federal prisons. The prison size subsets consisted of a small and large prison subset. The
small prisons subset contains the case rates of prisons with populations of less than 580. The big
prisons subset contains the case rates of prisons with populations more than or equal to 580. The
political leaning subsets consisted of case rates of prisons in Republican-voting counties and of
prisons in Democratic-voting counties. Then there is the state subset and federal subset. The state
prisons subset contains the case rates of prisons classified as "State halfway house", "State work

camp", "State juvenile detention", "State prison", "State facility", or "State rehabilitation center."
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The federal prisons subset contains the case rates of prisons classified as "Detention center",
"Juvenile detention at jail", "Federal halfway house", "Low-security work release", "Federal

prison", "Reservation jail", or "Jail."

D. Multivariate Regression Analysis
The next model used to analyze these patterns was a multivariate linear regression model,
implemented for both college and prison risk factors. Multivariate regression is a key statistical
tool to measure how linearly related a predictor variable is with a response variable. When
examining risk factors for COVID-19 case rates in U.S. colleges and prisons, it is a powerful
way to examine how cases change based on different predictor variables such as population size,
political leaning, and mask usage.

For COVID-19 cases in U.S. colleges and universities, the core model used was

Case _rate; =3, + 8, * State; + B, * Rank2020; +3; * Enrollment2020; (1)
+ [, * Mask Usage; + B5 * Election Winner;

where, for each college, the number of COVID-19 cases per 1,000 people was regressed against
the college’s state, its 2020 US News Ranking, its 2020 enrollment, mask usage of the
surrounding county, and the political affiliation of the surrounding county based on 2020 election
results. The state vector was a series of dummy variables for each state where “Alabama” was its
reference category. Mask usage was the percentage of the county that “never wears masks” while
rank and enrollment were continuous variables. Election winner was a categorical variable as
well - taking on “Republican” or “Democrat” as its levels - and thus Democrat was the reference

category.
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A multivariate linear regression model was again used to dive deeper into risk factors of

U.S. prisons and penitentiary COVID-19 exposure. The main model generated was

Case_rate; =B, + B, * Facility Type; + 3, * State; +3; * Population, (2)
+ B, * Political Party; + 5 * County Population;
where case rate was the number of COVID-19 cases per 1,000 people, facility type included an
array of various state operated, federally operated, high security, and low-security prisons, and
state was a vector of all US states using Alabama as the reference category. Population refers to
the latest inmate population at each prison, political party refers to the political leanings of the
surrounding county based on 2020 election results, and county population is defined as the

population of the surrounding county.

IV. Results

A. Conditional Probability Models

The results of the calculated conditional probabilities are shown below. These boxes
display conditional probabilities based on the percentage of a county's population that reported
that they either always wear a mask in public or that they never wear a mask in public. The two
percentages, “never” and “always,” are two separate variables, and the distribution of each is
given in their corresponding box. The box on the left shows data for the county’s population that
always wears a mask in public. By comparing the distribution of populations that always wear

masks to how their county voted in the 2020 presidential election, we were able to calculate the



15

conditional probability that a county had a high instance of mask usage given they voted either
Republican or Democrat. For instance, the probability that a county is in the top 50% that reports
always wearing masks given that they voted Democrat is 82%. Conditional probabilities were
also calculated for counties based on the amount of their population that reported never wearing
masks. By looking at the conditional probabilities of how much a county’s population reports
either always wearing masks or never wearing masks, given they voted Republican or Democrat,
we see that counties voted Democrat are more likely to wear masks, whereas counties with low

mask usage are more likely to have voted Republican.

Figure 9
Population that ALWAYS wears a mask: Population that NEVER wears a mask:
Min. 1st Qu. Median  Mean 3rd (u. Max. Min. 1st Qu. Median Mean 3rd Qu. Max.
PAEEEUeaRae A SRR " 0.0000 0.0350 0.0710 0.0828 0.1180 0.4320
P(upper 25% of mask use | Democrat) = 0. 62 P{upper 25% of NEVER mask use | Democrat) = 0.08
P(upper 50% of mask use | Democrat) =0.82 P(upper 50% NEVER mask use | Democrat) =0.19
P(lower 50% of mask use | Republican) = 0.539 PPowar S0% of NEVES mesk:use | Demacst) = 0. 73
P(lower 50% of NEVER mask use | Republican) = 0. 44
P{upper 25% of NEVER mask use | Republican) = 0.27
P{upper 50% of NEVER mask use | Republican) = 0.55

B. Hypothesis Testing

The distribution of the difference of means from the random permutations is displayed by
the histogram below. The actual difference in means between the mean case rate of the low mask
usage group and the high mask usage group is marked by the red line. The result is that the actual
mean result was larger than 0.1% of the means from the random permutations. This is less than

the significance level of 5%. Thus, the null hypothesis can be rejected and the alternative can be



accepted, and therefore the conclusion can be reached that the mean case rate in counties with
low mask usage was lower than that of counties with high mask usage.

Figure 10
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The distribution of the result of the same process for COVID deaths between the two
groups of counties is displayed below. Zero of the mean differences from the random

permutations were greater than the actual difference of the counties. This leaves us with a

16

p-value of 0, which is lower than the significance level of 5%. Since the p-value is low, we can

reject the null hypothesis and accept the alternative, and conclude that the mean covid death rate

is lower in counties with higher mask use.
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Figure 11

Null Distribution, Difference of Means
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C. Confidence Intervals

The 95% confidence interval for the mean difference in college case rates between big

and small schools is (-0.00453, Figure 12
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The 95% confidence interval for the mean difference in college case rates between
colleges in Republican-voting counties and of colleges in Democratic-voting counties is
(-0.01797, 0.00326). Zero is contained in this confidence interval. This suggests that there isn’t a
difference between the mean of college case rates of colleges in counties that voted Democrat in
2020 and the mean of the college case rates of colleges in counties that voted Republican in
2020.

The 95% confidence interval for the mean difference in college case rates between
colleges in high mask usage counties and of colleges in low mask usage counties is (-0.04140,
-0.00899). Zero is not contained in this confidence interval. This implies that there is a difference
between the mean of case rates of colleges in high mask usage counties and the mean of case
rates of colleges in low mask usage counties. This suggests that colleges in counties with low
mask usage have higher case rates than the colleges in counties with high mask usage.

The 95% confidence interval for the mean difference in prison case rates between big and
small prisons is (0.03409, 0.07675). Zero is not contained in this confidence interval. This
implies that there is a difference between the mean of case rates from large prisons and the mean
of case rates from small prisons. This suggests that large prisons have higher case rates than
small prisons.

The 95% confidence interval for the mean difference in prison case rates between prisons
in Republican-voting counties and of prisons in Democratic-voting counties is (0.02046,
0.06268). Zero is not contained in this confidence interval. This implies that there is a difference
between the mean of prison case rates of prisons in counties that voted Democrat in 2020 and the

mean of the prison case rates of prisons in counties that voted Republican in 2020. This suggests
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that prisons in counties that voted Republican have higher case rates than prisons in counties that

voted Democratic.

Figure 13
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suggest that mask usage, prison size and the political leaning of the county the prison is located
in are significant factors for the vulnerability of covid infection rate. Students at colleges in
counties with low mask usage are at a greater risk for covid infection than students at colleges in
counties with high mask usage. Inmates at big prisons are more at risk of catching covid than at
small prisons. Prisons in counties that voted republican in the 2020 election are at risk for higher
inmate covid infections than prisons in democratic voting counties. Mask usage, population size,

and political leaning, are significant vulnerability factors that should be taken note of.
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D. Multivariate Regression Analysis

Results from regression equation (1) are shown to the left. A sampling of key predictor
variables are included based on their statistical significance and economic predictive power and
the full list of variables with their coefficients can be found in the R Markdown file.

College location (by state) was important in predicting its case rate. Having a college in
the state of California was associated with 87.4 fewer cases/1,000 people than the reference
category of Alabama while a college in the state of South Carolina was associated with 220.4

more cases/1,000 people than Alabama, holding all other

Regression Table 1 — College COVID-19 Data

_ . (SE in parentheses) variables fixed. 16 of 50 states were statistically significant
Dependent Variable = Rate of COVID-19 Cases/1,000 people
Signif. codes: 0 “***0.001 “*** 0.01 “** 0.05 .’ ' _ _ ' _
predictors of case rate, including California, Colorado,

)]

California 87 4%k Florida, Hawaii, Illinois, Kansas, Nevada, New Hampshire,
(24.85)

South Carolina 200.4%% New Jersey, New York, North Dakota, Oregon, South
(45.09)

Florida -57.92% Carolina, Texas, Washington, and Wyoming - all of which
(23.52)

Ilinois 56.71* have lower case rates than Alabama except for North
(28.34)

New Jersey -58.30% Dakota, South Carolina, and Wyoming (which have higher
(28.49)

New York -61.76* case rates). The 2020 rank was not a statistically significant
(28.49)

2020 Enrollment 3.204x10° predictor of a college’s case rate nor was the political

(5.06x10°%)
2020 Rank 20.02937 leaning of the county as well as the college’s 2020
(0.04145)

% Never Wears Masks 417.5% enrollment. Additionally, holding all other variables
(169.01)

2020 Election Winner -0.3669 constant, for each percentage point increase in the number
(9.959)

Intercept (Bo) 128.4%% of people in a county that never wore a mask, there is a
(47.46)

R2 - overall 4568 statistically significant correlation to a 417.5 decrease in

R? - adjusted 2942

cases/1,000 people.
F-Statistic 2.809%**
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Thus, key results are that states had a high correlation to the COVID-19 case rate on
college campuses and universities, holding other variables constant. Though population was
found to be highly correlated with COVID-19 cases in other models, enrollment was not here -
likely due to the normalization of case rate (instead of looking at total cases). The lack of
influence of political leanings is likely attributed to the fact that political data was taken at the
county level while most universities enacted different COVID-19 policies than their local
government. Colleges, especially private colleges, were able to freely make rules and mitigation
plans that differed from their local town or city and generally have insular campuses with limited
contact/transmission spread to the outside community.

The adjusted R? value is .2942, indicating that 29.42% of a college’s case rate can be
explained by these attributes. This is fairly large for just a few variables so a college’s location,
enrollment, rank, local political leaning, and local mask use account for 29.42% of the variation
in case rate. This is supported by an F statistic of 2.809 on 50 and 167 DF and a p-value of
4.27x107 - allowing us to reject the null hypothesis that the joint predictive power of these
variables is 0.

Prison location (by state) was again important in predicting its case rate. Holding other
variables constant, having a prison in the state of California was associated with 270.1 more
cases/1,000 people than the reference category of Alabama (statistically significant at the 1%
level) while a prison in the state of Nevada was associated with 336.2 more cases/1,000 people
than Alabama (significant at the 1% level). 40 of 50 states were statistically significant predictors
of case rate, indicating that location of a prison has a strong correlation to COVID-19 case rates.
Latest inmate population was not a statistically significant predictor of a prison’s case rate nor

was the population of the surrounding count. However, political party was, as prisons in



Regression Table 2 — Prison COVID-19 Data Key Coefficients
(SE in parentheses)
Dependent Variable = Rate of COVID-19 Cases/1,000 people
Signif. codes: 0 “****0.001 “*** (.01 “** 0.05 “.

@
Arizona 229.2%**
(59.7)
Arkansas 451.5%**
(58.89)
California 270.1%**
(47.14)
Colorado 321.2%**
(54.33)
Nevada 336.2%**
(72.21)
Type = Federal Prison 39.83*
(15.94)
Type = State Prison 32.84*
(15.79)
Latest Inmate Population -8.307e-05
(0.00803)
County Population 7.309e-06
(9.178¢-06)
Political Party = Republican 39.98%*
(15.25)
Intercept (Bo) -230.0
(162.3)
R? - overall 2726
R? - adjusted 2411
F-Statistic 8.648%**
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Republican counties were correlated with 39.98 more
cases/1,000 people than in Democratic counties (again holding
other variables fixed).

Thus, key results were that COVID-19 cases in prisons were
correlated with their given state and the surrounding politics of
their county. Inmate population and county population were
not statistically significantly correlated with COVID-19 cases;
which is at least partly due to the examination of case rate
rather than total cases. However, it was still hypothesized that
larger facilities would have higher rates of transmission which
is fairly interesting to see rejected by this specific model.
Political party was a strong predictor of a prison’s case rate,
with Republican counties seeing higher COVID-19 cases in
their prisons. This may be due to specific legislation being
passed in these counties in regards to vaccinations, COVID-19
testing and quarantine protocols, and healthcare access

provided to each prison by its governing body.

The adjusted R? value is .2411, indicating that 24.11% of a prison’s case rate can be

explained by these attributes. Thus, a prison’s location and local politics account for 24.11% of

the variation in case rate - which is surprisingly high. This is supported by an F statistic of 8.648

on 62 and 1,431 DF and a p-value of 2.2x107'¢ - allowing us to reject the null hypothesis that the

joint predictive power of these variables is 0.
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Conclusions

COVID-19 has spread like wildfire throughout America and will be remembered as a
once in a generation global event. As Americans grapple with the economic and health impacts
of the virus and attempt to return to normalcy the question of who is most vulnerable to infection
remains highly important. Determining which subsets of the population experience higher than
average infection rates and why their risk is so much higher allows for implementation of

mitigation protocols such as mask mandates if and where they are effective.

The impact of population size on case rates differed in the analysis and thus there is
inconclusive evidence on its impact. For example, in counties and schools there is no clear
evidence that larger populations experience worse rates of COVID-19 whereas in prisons large
facilities did see higher rates of infection than small facilities. Prisons, given their close quarters
and notoriously large incarcerated populations, were deemed overcrowded “epicenters” of spread
by a recent Northwestern and World Bank study (NPR 2021). This same study also suggests that
a reduction in the U.S. jail population could have prevented “tens of thousands of deaths” and
millions of cases (NPR 2021). Colleges, on the other hand, were likely incentivized to prevent as
many cases as possible given that their students were paying clientele and they thus implemented
strict testing and quarantine protocols to counteract the transmission that happens with large

student populations.

The effectiveness of mask usage was made clear via all models used. On average, the
case rate in counties, colleges, and prisons where mask usage was high was lower than in
locations where masks were used less frequently. This points to the high degree of political

polarization the country has experienced around COVID-19 and mask use specifically. Many
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parts of the country, largely concentrated in Republican leaning states, have taken issue with
mask wearing and mask mandates due to a wave of cynicism towards science and technology.
This distrust of leading experts largely comes from messaging put forth by President Donald
Trump when he was in office in 2020 as well as ongoing anti-vaxxer sentiment that has been
growing in the country for decades. Shown below is an image from 2020 where many gathered
to protest the use of masks in the fight against the pandemic. It’s become a cultural point of
division that - given the analysis and results here - puts anti- maskers at a heightened risk of

infection.

Figure 14

It is clear that people in America are facing different risk profiles based on their location.
COVID-19, as it continues to mutate and evade vaccination efforts, will remain a public threat
into the foreseeable future. As society and individuals continue to grapple with the risks,

governments, colleges, and prisons can use the analysis performed here to better understand the



risk factors associated with infection and work to prevent as many unnecessary infections and

deaths as possible.
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