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ABSTRACT 
This study compared the effectiveness of COVID-19 control policies, including wearing masks, and the vaccine rates 
through proportional infection rate in 28 states of the United States using the eSIR model. The effective rate of 
policies was measured by the difference between the predicted daily infection proportion rate using the data before the 
policy and the actual daily infection proportion rate. The study suggests that both mask and vaccine policy had a 
significant impact on mitigating the pandemic. We further explored how different social factors influenced the 
effectiveness of a specific policy through the linear regression model. Out of 9 factors, the population density, number 
of hospital beds per 1000 people, and percent of the population over 65 are the most substantial factors on mask policy 
effectiveness, while public health funding per person, percent of immigration have the most significant influence on 
vaccine policy effectiveness. This study summarized the effectiveness of different policies and factors they associated 
with. It can be served as a reference for future covid-19 related policy. 
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1. INTRODUCTION 

  COVID-19 is an infectious disease caused by SARS-
CoV-2, which has been declared a global public health 
emergency. As of 28 October 2021, it has led to more 
than 45.7 million confirmed cases and resulted in more 
than 742 thousand deaths in the United States [1]. 
Governments world- wide have implemented similar 
policies to limit the spread of the virus, such as lock-
down, social distance, mask policies. Research has 
proved the efficiency of the action behind each policy. 
For example, the use of masks was strongly protective, 
with a risk reduction of 70% for those that always wore 
a mask when going out. [2] Additionally, those infection 
rates are reduced drastically when social distancing 
intervention is implemented between 80% to 100%. [3] 
However, the actual effect of each policy was highly 
varied among countries due to factors such as 
socioeconomics [4,5]. Since issuing the policies with 
high efficiency to mitigate the pandemic are extremely 
important for all countries, we need to understand what 
factors affect the policy efficiency and how they affect 
it. 

  To solve these problems, previous studies have 
measured the effectiveness of several NPI 

(nonpharmaceutical interventions) [6,7,8], such as stay-
at-home and business close policy, by measuring the 
change in real-time reproduction number (Rt), the 
expected number of new infections caused by an 
infectious individual in a population where some 
individuals may no longer be susceptible [9], and 
compare the decrease in real-time reproduction number 
after the policy is issued among different countries to 
see which country performs best for a specific policy.  

  In this study we used an eSIR model, extended state-
space SIR models [10], to predict a one-month daily 
infection proportion after a period of lagging time and 
compare this to the actual daily infection proportion to 
measure the effectiveness policy. 

  Then, we conducted multivariate and single variate 
linear regression models, to study the correlation 
between policy effective rate and different potential 
factors, such as economics, population density, 
education level, etc. The results from this study can 
serve as a reference for governments when issuing covid 
polices 
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  We obtained COVID data from the website 
covidtracking.com and the website collected and 
published the most complete data about COVID-19 in 
the US, including the daily death, cases, and 
hospitalization, etc.[11] This data source started 
collecting daily recovery rates, which are essential for 
the eSIR model prediction, in March 2020. 
Additionally, they are no longer collecting data as of 
March 7, 2021. Thus, the data used in this analysis are 
from March 2020 to March 2021. 

  We obtained data for the exact time when a policy 
was issued in each state from ballotpedia.org, which 
provides a detailed policy timeline for each state. [12] 
Data for policy effectiveness's potential factors are 
collected from various resources [13-21]. 

3. METHOD 

We used the extended state-space SIR 
epidemiological model (eSIR)[10], to estimate the 
effectiveness of different policies and vaccine 
interventions on Covid-19. It uses the susceptible, 
infection, and removed as the input variables to predict 
the daily proportion of infection and proportion of death 
for a given amount of time. This approach has also been 
used during SARS. 

The given dataset updated the cumulative recovered 
data every 7 days. To prevent the huge increase in 
recovered data every 7 days from impacting the model 
prediction, we use the loess.as() function under package 
(fANCOVA) to fit a smooth curve between all the 
recovered data. This function can choose a span value, 
the parameter α which controls the degree of smoothing,  
that optimizes the fit of the LOESS curve by fitting a 
LOESS regression and automates the parameter selection 
process.[22]  The smoothed recovered data was used for 
the rest of our analysis. 

We first tested the prediction ability of eSIR model 
by setting a day when there was no major policy or 
vaccine issued 30 days before and after as the first 
prediction date and predict the daily infection proportion 
for the following 30 days. The eSIR model output an 
graph with infection proportion as the y axis, and date as 
x axis. It also includes two curves, one of which is the 
actual daily infection proportion and the other represents 
the predicted daily infection curved. The predicted curve 
is based on the medium values of predicted interval from 
eSIR model, since mediums are not affected by the 
outliers. Then, we compared the prediction curve and the 
actual daily infection proportion to see if the model can 
make accurate prediction on daily infection proportion 
when there was no policy and vaccine to interfere the 
result. We also compute the 90% or 95%? confidence 
interval. 

For the policy intervention, we set the first prediction 
date 14 days after the policy was issued, because we 
assume that a 14-days lag time for counts of cases to 
coincide with the approximate incubation period of 
COVID-19.[6] While for the vaccine, according to CDC, 
the vaccine will be effective 14 days after the first shot, 
and we also set a 14-day lag time for vaccine. Thus, we 
set the first prediction date 28 days after the first shot. 
[23] 

The effectiveness of policy intervention and vaccine 
is defined as the policy effective rate which is measured 
by the infection proportion prediction minus actual 
infection proportion and dived by of actual infection 
proportion. We calculated the daily policy effective rate 
and define the largest value among all 31 prediction days 
as max policy effective rate. We also calculate the sum of 
infection proportion prediction minus the sum of actual 
infection proportion and dived by the sum of actual 
infection proportion and defined it as the total policy 
effectiveness rate.  

We use the total policy effective rate and max policy 
effective rate as measurements to compare the 
effectiveness of certain policies between states.  

Additionally, we applied Inverse-normal 
transformation to both the total policy effective rate and 
max policy effective rate. Then, we test the multivariate 
linear model to figure out which factor has a significant 
impact on the effectiveness of each policy. We test 
factors such as public health funding per person, number 
of hospital beds per 1000 people, and GDP per capita, 
etc. Since we only have 21 or 28 states available for each 
policy, we set the level of significance as 0.1. We also 
conducted a single variate linear model between the max 
or total policy effective rate and each potential factor 
since the significance of each potential may decrease in a 
multivariate linear regression model because of 
collinearity between factors. The level of significance, in 
this case, was still set to be 0.1. We studied which factors 
significantly impact max or total policy effective rate 
based on the results from multivariate and single variate 
linear regression model results. 

4. RESULT 

4.1. MODEL EFFICIENCY: 

The estimated daily infected proportion for state 
Alabama from 06/21/20 to 07/21/20 is based on the daily 
infection proportion from 05/22/20 to 06/21/20 as shown 
in figure 1. The horizontal axis displays the date 
month/day/year, and the vertical axis displays the 
proportion of infected. The green dotted line represents 
the actual daily infection proportion, while the red line 
represents the predicted values. The red range represents 
the confidence interval. The figure shows that the 
predicted daily infected rate is similar to the actual one 



  

 

and all the actual values fall in the 95% confidence 
interval. We applied the same method to all 26 states and 
get similar results. Thus we conclude that the eSIR is 
efficient in predicting accurate daily infection proportion 
when there is no policy interfered for all 26 states. 

  
Figure 1.  Model Effectiveness Test figure. The x-

axis represents infection proportion and the y-axis 
represents the date. The blue vertical line indicates the 
first prediction day, while the green line indicates the 
last prediction day. The green dot curve represents the 

actual daily infection proportion. The red line represents 
the predicted infected curve measured by the eSIR 

model with medians as the predicted value. 

4.2. THE MASK PLOT: 

Figure 2 shows the predicted daily infected 
proportion for Alabama 14 days after the state-wide 
Mask policy was issued on 07/01/2020. The elements in 
the graph are the same as Figure 1. Figure 2 indicates that 
the predicted line is first lower than the actual value 
curve, but slowly catch up and pass over the actual value 
curve around the middle, and finally becomes much 
larger than the actual value curve, which indicates that 
the mask policy effect starts to show after a period of 
extra lagging time and the effect is significant. 

We apply the same method to the states that have data 
available for the tested period and had issued a state-wide 
mask policy, which is 19 states in total. The mask policy 
plots have many variations among states. Most of the 
states, such as New Mexico, show an immediate decrease 
in the actual values curve compared to the predicted 
curve, which indicates that the mask policy has started to 
impact daily infected proportion after 14 days for the 
policy lagging period. Some of the states, such as 
Arkansas, show a similar pattern to Alabama mask 
policy, which shows impact after a short period of 
lagging. However, we also have some states, such as 
Vermont, which show no difference between the 
predicted curve and actual curve and thus show no impact 
for the mask policy. Also, some states, such as Michigan, 
indicate an opposite result, in which the predicted curve 
is smaller than the actual curve. 

 
Figure 2.  Mask Policy effectiveness figure. The x-axis 
represents infection proportion and the y-axis represents 

the date. The blue vertical line indicates the first 
prediction day, which is 14 days after the mask policy is 
issued, while the green line indicates the last prediction 

day. The green dot curve represents the actual daily 
infection proportion. The red line represents the 

predicted infected curve measured by the eSIR model 
with medians as the predicted value. 

4.3. THE VACCINE PLOT: 

  Figure 3 shows the predicted daily infected 
proportion for Alabama 28 days after the Covid vaccine 
was first distributed 12/01/2020 for all states. The 
elements in the graph are the same as Figure 1 and 
Figure 2. Figure 2 indicates that the predicted curve is 
larger than the actual curve on the first day of the 
prediction and the difference kept increasing as time 
goes, which indicates that vaccine policy immediately 
shows an impact on daily infected proportion after 28 
days of lagging. 

  We apply the same method to all the states that have 
data available for the test, which is in 26 states in total. 
The vaccine policy plots have much fewer variations 
among states compared to the mask policy. Most of the 
states, such as West Virginia, have a similar pattern as 
Alabama, which indicates that the mask policy has 
started to impact daily infected proportion. Some of the 
states, such as South Carolina, show impact after a short 
period of lagging. However, we also have some states, 
such as Maryland, which shows no difference between 
the predicted curve and actual curve and thus show not 
impact for the vaccine policy. Also, some states, such as 
Texas, indicate an opposite result, in which the 
predicted curve is smaller than the actual curve.	 	



  

 

	

Figure 3.  Vaccine Policy Effectiveness Test figure. 
The x-axis represents infection proportion and the y-axis 
represents the date. The blue vertical line indicates the 

first prediction day, which is also 28 days after the 
vaccine is distributed, while the green line indicates the 
last prediction day. The green dot curve represents the 

actual daily infection proportion. The red line represents 
the predicted infected curve measured by the eSIR 

model with medians as the predicted value. 

4.3 TOTAL POLICY EFFECTIVE RATE 

The figure 4 shows the total policy effective rate and 
max policy effective rate of each state. The x-axis shows 
the state, and the y axis shows the total policy effective 
rate. The blue bars show the total policy effective rate for 
mask policy; the orange bars show the total policy 
effective rate for the vaccine; the grey bars show the max 
policy effective rate for mask policy, the yellow bars 
show the max policy effective rate for the vaccine. It is 
ordered by the total policy effective rate because all 26 
states have distributed vaccines.  All the states in figure 
4 distributed vaccines state-wide, while only 21 of them 
have issued mask policy and have data available for 
analysis. (Oklahoma has not issued a state-wide mask 
policy, and other states do not have recovery data 
available for analysis.) 

In figure 4, we notice that the results for the total 
policy effective rate are consistent with the ones for the 
max policy effective rate. However, the total policy 
effective rates for mask policy tend to have more negative 
values, while the max policy effective rates for mask 
policy tend to have more extreme high values. It is 
because, in most of these states, the prediction curve 
increases much more quickly than the actual curve, which 
leads to a huge gap on the last day of prediction. 
Additionally, the states with a high mask policy effective 
rate also tend to have a high vaccine policy effective rate. 
This applies to both the total policy effective rate and the 
max policy effective rate. The correlation between mask 

total policy effective rate and vaccine total policy 
effective rate is 0.556. The correlation between mask 
max policy effective rate and vaccine max policy 
effective rate is 0.496. Both are high enough to be 
considered as a high correlation. 

	
Figure	4.	 	 Vaccine	Policy	Effectiveness	Test	
figure.	The	x-axis	represents	the	states	and	the	
y-axis	represents	the	date.	The	blue	bars	show	
the	total	policy	effective	rate	for	mask	policy;	
the	orange	bars	show	the	total	policy	effective	
rate	for	the	vaccine;	the	grey	bars	show	the	max	
policy	effective	rate	for	mask	policy,	the	yellow	
bars	show	the	max	policy	effective	rate	for	the	

vaccine.	

4.4 FIND FACTORS THAT AFFECT 
POLICY EFFECTIVE RATE BASED ON 
LINEAR REGRESSION MODEL 

  Based on the result above, we notice the 
variation within total and max policy effective rate 
between the states. We want to explore more about 
what factors lead to the difference in policy 
effectiveness among states. We use the 
multivariate linear model and single variate linear 
model to explore the impact of different potential 
factors. 

4.4.1 MULTIVARIATE LINEAR 
REGRESSION MODEL BETWEEN 
POLICY EFFECTIVE RATE 
DIFFERENT FACTORS 

  In table 1, we include two factors with the least low p-
value in each policy effective rate’s multivariate linear 
model. The corresponding estimated coefficient and p 
values are also listed in the table. All tables that include 
the estimated coefficient, standard errors, test statistics, 
and p values for each factor in each policy effective rate’s 
multivariate linear model are in the appendix. It also 
shows the R squared value of the multivariate linear 
model of each policy effective rate. 
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In mask total policy effective rate and max policy 
effective rate multivariate linear models, only the 
population density is smaller than the level of 
significance, which indicates that public health per 
person has the most significant impact on the 
effectiveness of mask policy. Besides population density, 
the percent of the population over 65 also has a p-value 
relatively close to the level of significance. 

In vaccine total policy effective rate and max policy 
effective rate multivariate linear models, only the public 
health funding per person has a p-value less than the level 
of significance 0.1, which indicates that public health per 
person has the most significant impact on the 
effectiveness of vaccine policy. Besides public health 
funding per person, immigration also has a relatively low 
p-value. 

 

The R squared of the multivariate linear model for the 
max mask, total mask, and max vaccine policy effective 
rate are around 0.4. Although 0.4 is usually considered as 
a low correlation for the linear regression model, our 
dataset is so small that we still consider them as 
significant correlation. Additionally, the R squared of the 
multivariate linear model for the max mask for total 
vaccine policy effective rate is above 0.7, which indicates 
a strong correlation.   

 
Table 1.  Multivariate linear regression model. The 

first column represents the type of policy effective rate 
and R^2 value of its multivariate linear regression 

model. The second column represents the two most 
significant factors for each policy effective factor 

according to its multivariate linear regression model. 
The third and fourth columns represent each factor’s 

estimated coefficient and p-value. 

4.4.2 SINGLE VARIATE LINEAR 
REGRESSION MODEL BETWEEN 
POLICY EFFECTIVE RATE 
DIFFERENT FACTORS 

Table 2 shows all the factors that have a p-value less 
than 0.1 level of significance for each policy effective 
rate. It also includes the estimated coefficient and p-value 
of each factor. 

For mask policy effective rate, we have population 
density, voters in each state predominantly choose either 
the Republican Party or Democratic Party, the number of 

hospital beds per 1000 people, and percent of the 
population over 65 have the most important impact on the 
effectiveness of mask policy. 

  For vaccine policy effective rate, we have percent of 
immigration in each state, the number of hospital beds 
per 1000 people, and public health funding per person 
have the most important impact on the effectiveness of 
mask policy. 

 
Table 2.  Single variate linear regression model. The 

first column represents the type of policy effective. The 
second column represents factors with p-value less than 

0.1 for each policy effective factor according to its 
multivariate linear regression model. The third and 
fourth columns represent each factor’s estimated 

coefficient and p-value. 

5 DISCUSSION 

Based on the two tables above, we conclude that 
population density and percent of the population over 65 
have a negative impact on the mask policy effective rate. 
According to CDC, transmission can be reduced by up to 
96.5% if both an infected person and an uninfected 
person wear tightly fitted surgical masks or a cloth mask 
together with a surgical mask. [25] However, unlike 
surgical masks, cloth masks’ ability to block transmission 
is highly variable due to their design, fit, and materials 
used [26]. Thus, it is possible that the spreading of covid-
19 will be efficiently reduced with low population 
density even only cloth masks are used, but with high 
population density, cloth masks may not decrease the 
spreading of covid 19 very efficiently, due to their lower 
blocking rate. For the negative impact from percent of the 
population over 65, it is possibly because old people on 
average require more time to recover from Covid-19 [27] 
and thus have a much longer period of hospitalization. A 
higher old population percent means more proportion of 
the infected population will also be old people. Since the 
infection proportion is calculated by the total infected 
population minus the removed population (removed and 
recovered population), longer hospitalization for the 
elder population will result in a smaller removed 
population and thus a larger infection proportion and 
lower policy effective rate. 

However, voters in each state predominantly choose 
Republican Party, and the number of hospital beds per 
1000 people have a positive impact on the mask policy 
effective rate. Most of the states first issued their mask 



  

 

policy during July when Republican-led states had a 
higher positive-testing and COVID-19 case diagnoses 
than democracy-led states overall. [28] Thus, higher 
infection proportion before mask policy is issued might 
at least partially explain why Republican-led states have 
a larger gap between prediction curve and actual curve 
have which leads to a higher effective rate. With the 
decrease in infection, states with a larger number of 
hospital beds per 1000 people will be recovered from 
111e. Thus, these states have a higher mask policy 
effective rate. 

For vaccine policy effective rate, the number of 
hospital beds per 1000 people and public health funding 
per person have a positive impact on it. The positive 
impact from the number of hospital beds per 1000 people 
will be likely due to similar reasons above. Additionally, 
vaccination will mitigate the symptom and recovery time. 
States with higher public health funding per person will 
be more likely to distribute the vaccine better, as they 
may have more vaccines available overall, so they have a 
higher vaccine policy effective rate. However, percent of 
immigration has a negative impact on the vaccine policy 
effective rate. A possible reason for that is vaccine sites 
across the U.S. require some form of identification, a 
requirement that many undocumented immigrates do not 
have, so the vaccine is less efficient for states with a 
higher immigration population. [29]   

6 CONCLUSION 

  The current research was designed to examine the 
effectiveness of different policies. Significant differences 
in policy effective rates of the same policy for different 
states have been identified. Several reasons may help 
interpret these findings such as the positive impact from 

the number of hospital beds per 1000 people, public 
health funding per person, and a negative impact from 
percent of immigration for vaccine policy effective rate; 
additionally, the positive impact from the number of 
voters in each state predominantly choosing Republican 
Party, and the number of hospital beds per 1000 people, 
and a negative impact from population density and 
percent of the population over 65 for mask policy 
effective rate. 

This research uses a new method to sheds light on the 
difference in policy effective rate between states of the 
same policy and the correlation between policy effective 
rate and different factors. It can be served as a reference 
for future covid policy. 

  Due to the lack of enough data, this research only 
includes 26 states for vaccine policy and 19 states for 
mask policy, which negatively affects the significance of 
all the potential factors. If the data for all 55 states are 
available, the linear model will be improved, and it is 
more likely to find more significant factors that impact 
the policy effective rate. Also, the prediction curve in this 
research is based on the eSIR model. Although it has been 
proved to be an effective model for predicting short-
range infection proportion, the prediction is not a hundred 
percent accurate. It is still possible that the difference 
between the prediction curve and the actual curve is 
partly due to the uncorrected prediction by the eSIR 
model. The results will be more promising if a linear 
regression model is applied to the change in real-time 
reproduction number and get similar results. 
Additionally, this research only computed the policy 
effective rate based on infection proportion. However, 
the vaccine has also been proved to reduce the death rate, 
so redoing all the processes based on death proportion is 
a possible choice for future research.
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