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A B S T R A C T   

Goal of health policies is to protect and promote the health of communities. We examined COVID-19 policy 
outcomes of the 50 US states according to policymaker assumptions over time. With daily cumulative population 
mortality chosen as an indicator to evaluate and score outcomes of individual health policies, Hawaii had the 
best score and Arizona has the worst score. Our policy outcome analysis tool could identify and quantify poli
cymakers’ faulty assumptions against COVID-19, and concludes that the more COVID-19 deaths, the greater the 
economic loss.   

Introduction 

The goal of health policy or preventive medicine is to protect and 
promote the health of individuals and the community [1]. The worst 
consequence of poor health is death. In other words, the number of 
deaths due to a disease is a good indicator to debate the health indicators 
in health policy from the viewpoint of policy outcome analysis, not 
general policy analysis. The number of deaths due to a disease per 
population is a mortality rate. 

A literature review was conducted on health policy analysis of 
COVID-19. Many health policy experts have explicitly stated that the 
policy outcome analysis of COVID-19 is premature, but they are 
downplaying the progress and evolution of COVID-19 over time. 

There are two mitigation approaches such as pharmacological 
approach such as vaccination and non-pharmacological approach [2] 
such as the mandatory test-isolation. The test-isolation strategy is one of 
the best mitigation methods, to test and identify infected individuals at 
an early stage and to isolate them from uninfected people during the 
quarantine period. Therefore, policymakers can control tests and the 
quarantine period. The longer the quarantine period the less the 
COVID-19 spreads. The shorter the quarantine period, the more the 
COVID-19 spread. It was discovered that the mandatory test-isolation 
policy can completely suppress and mitigate the COVID-19 pandemic 
[3,4]. 

Based on the result of a literature review, a time-series policy 
outcome analysis of COVID-19 was not conducted due to controversy 
over the selection of impact indicators or influence determinants. This 
paper is not a policy analysis, but rather an analysis of the health policy 

outcomes of the 50 US states in COVID-19. Evaluating the health policy 
outcomes plays a key role in identifying and quantifying when the policy 
made faulty assumptions over time. In other words, it is possible to 
identify when and quantify how large the policymaker’s insufficient 
considerations were. 

The daily cumulative population mortality or score is the number of 
daily cumulative deaths due to a COVID-19 disease per population [5]. 
The lower the score, the better the policy. The better the policy, the 
lower the population mortality rate. Therefore, scoring individual pol
icies is based on the single indicator: dividing the number of daily cu
mulative COVID-19 deaths normalized by the population in millions. In 
this paper, the daily cumulative population mortality was chosen as one 
indicator because higher scores indicate greater unhappiness and lower 
scores indicate less unhappiness in order to achieve the goal of health 
policy [1]. 

There are two types of health policy analysis: snapshot analysis and 
time-series analysis [6]. Time series analysis is superior to snapshot 
analysis. This is because time-series analysis can express the process of 
transition and progression over time, while snapshot analysis cannot. In 
other words, time-series policy analysis allows policymakers to identify 
and quantify when they made faulty assumptions. It is essential for 
health policy experts to investigate the time-series policy outcome 
analysis of COVID-19. 

Chyon et al. presented time series analysis and predicting COVID-19 
affected patients [7]. However, they did not compare their result with 
others. The comparison between policy outcomes of 50 US states plays a 
key role in revealing which US states are handling well against 
COVID-19. In other words, their method cannot be used for COVID-19 
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policy outcome analysis. 
Cho et al. studied effect of social distancing on injury incidence 

during the COVID-19 pandemic [8]. However, their method is not 
applicable to the analysis of COVID-19 policy outcomes due to its lack of 
generalizability. 

Wang et al. investigated prediction and analysis of COVID-19 daily 
new cases and cumulative cases [9]. However, their method is not 
suitable for analyzing COVID-19 policy outcomes due to the higher level 
of uncertainty associated with case numbers compared to the number of 
deaths. 

Singh et al. conducted time series analysis of COVID-19 data to study 
the effect of lockdown and unlock in India [10]. Their approach can be 
used for COVID-19 policy outcome analysis, but their current method 

cannot be directly used. For this investigation, their method would need 
to undergo significant updates. 

Longato et al. studied time-series analysis of multidimensional 
clinical-laboratory data for revealing trajectories of COVID-19 outcomes 
[11]. The comparison between policy outcomes cannot be achieved by 
their method. 

Navazi et al. investigated the effect of the Ontario stay-at-home order 
on Covid-19 third wave infections [12]. Their approach can be used for 
policy outcome analysis, but the comparison between policy outcomes 
cannot be directly calculated by their method. 

Jahn et al. studied sustainable policy performance and types of 
governance [13]. However, they did not analyze and quantify policy 
outcomes. 

C

Fig. 1. Result of usscore as of Jan. 9, 2023.  
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Health policy outcome analysis is essential for policymakers to 
identify, quantify and correct their faulty assumptions in policies. A 
time-series COVID-19 policy analysis tools, uscovid is introduced in this 
paper using the US dataset. The uscovid tool is a Python Package Index 
(PyPI) application to run on Windows, MacOS, and Linux operating 
systems as long as Python is installed on the system. This paper will 
reveal what is going on in the 50 US states from the COVID-19 policy 
outcome viewpoint. The calculation in uscovid is based on the daily 
population mortality rate: dividing the number of COVID-19 cumulative 
deaths by the population in millions. 

The contribution of this paper lies in that this is the original 50 US- 
states policy outcome analysis. The time-series policy outcome analysis 
tool, uscovid will visualize the progress of policy outcomes and discover 
many facts on COVID-19 in the US. 

Methods and results 

A snapshot of COVID-19, a policy outcomes analysis tool for the 50U. 
S. states, is called the "usscore," which is the cumulative total number of 
COVID-19 deaths in each state divided by the state’s population in 
millions. In other words, scoring individual states is calculated based on 
dividing the total cumulative deaths by the state population which is 
called the population mortality rate [14]. The lower the score, the better 
the policy. 

The number of daily cumulative COVID-19 deaths by state is auto
matically scraped over the Internet. The advantage of the snapshot 
scoring tools such as usscore can reveal the best policy in the 50 states of 
the US. 

The usscore tool is a PyPI application which runs on Windows, 
MacOS, and Linux operating systems as long as Python is installed on the 
system. Before running the usscore tool, install Python on the system. In 
order to observe the snapshot of other countries from the worldwide 
perspective, use the PyPI scorecovid tool [4]. Fig.1 shows the snapshot 
outcome of the 50 states of the US. In order to run usscore, type the 
following pip command for installing usscore and run it. ($) character 
indicates the prompt of the system terminal. 

$ pip install usscore 
Then, type the following command. 
$ usscore 
Fig. 1 shows the result of usscore as of Jan. 9, 2023. Hawaii has the 

best score of 1210 and Arizona has the worst score of 4517. We must 
know and compare these results with other countries with scorecovid. 
The scorecovid tool is also a PyPI application. Fig.2 shows the result of 
15 countries with scorecovid. Japan has the best score of 469 and 
Hungary has the worst score of 5025. 

Time-series COVID-19 policy outcome analysis tool, uscovid is newly 
proposed in this paper. One advantage of time-series policy outcome 
analysis tools, such as uscovid, is their ability to visualize and identify 
instances where policymakers may have made incorrect assumptions 
about COVID-19. This can help inform the correction of current policies 
to reduce unnecessary deaths. 

The policy outcome is calculated by the single indicator: daily cu
mulative population mortality over time. The daily cumulative popu
lation mortality or scoring is based on dividing the number of daily 
cumulative COVID-19 deaths by the population in millions over time. 
The lower the score, the better the policy. The higher the score, the 
unhappier we are. 

Time-series analysis allows policymakers to identify and quantify 
when they made faulty assumptions or behavior changes of the com
munities. Remember that, this is not a policy analysis, but a policy 
outcome analysis. 

In order to run uscovid, type the following pip command after 
installing Python on your system. 

$ pip install uscovid 
To investigate Hawaii and Arizona, run the following command. 
$ uscovid Hawaii Arizona 

The result will be displayed on the screen. Fig.3 shows the generated 
uscovid result with Hawaii (best score) and Arizona (worst score) as of 
Jan. 7, 2023. In Fig.3, the vertical axis on the left side shows the score or 
the population mortality for each state and the horizontal axis indicates 
the date of the score while that on the right side indicates the first order 
differential value that represents the faulty assumption magnitude. The 
lower the score, the better the policy. The larger the faulty assumption 
magnitude, the worse the policy. 

Scores always monotonically increase because the number of cu
mulative deaths does not decrease. The size of a bar quantifies a faulty 
assumption by policymaker. The larger the bar, the unhappier the 
people. In other words, uscovid can provide a happiness or unhappiness 
index of COVID-19. The lower the score or the bar, the better the policy. 
The lower the score or the bar, the less unhappy we are. 

Discussion 

A literature review was conducted on health policy outcome analysis 
of COVID-19. The result shows that there is no quantified analysis of 
health policies on COVID-19. This paper presented the snapshot COVID- 
19 outcome analysis and time-series COVID-19 outcome analysis of the 
50 states of the US. The time-series COVID-19 outcome analysis can 
provide us the progress and the transition of COVID-19 in the US. The 
first order differential of data can detect the peak points in every wave in 
COVID-19. The uscovid tool can identify and quantify when policy
makers made faulty assumptions or behavior changes of the commu
nities with COVID-19 variants in individual states of the US. 

In order to mitigate and reduce the unnecessary deaths due to 
COVID-19, we need to carefully monitor what is going on about the 
outcome of COVID-19 and control the robust and rational policy. This 
paper introduced health policy outcome analysis tools such as score
covid for scoring individual countries, usscore for evaluating individual 
state policies, and newly proposed uscovid for time-series policy 
outcome analysis of the 50 states of the US. The introduced tools such as 
usscore, uscovid and scorecovid can reduce unnecessary COVID-19 

Fig. 2. Result of scorecovid as of Jan. 7, 2023.  
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deaths because policy faulty assumptions or behavior changes of the 
communities with COVID-19 variants by comparing performance of 
individual policies among 50 states and other countries can be corrected 
by observing the policy outcome. 

The jpscore tool revealed that Niigata prefecture in Japan has the 
best score not only in Japan but also in the world. Niigata has the 
strongest herding behavior [15,16]. Japanese people wear face masks at 
all times, with or without warning from the government. The policy 
outcome is heavily affected by the general public’s behavior in Japan. 

Conclusion 

Both tools such as usscore and uscovid are based on the population 
mortality: dividing the number of daily cumulative COVID-19 deaths by 
the population in millions. The usscore tool is to generate a snapshot list 
of sorted scores by state in the US where the score represents the pop
ulation mortality. The time-series uscovid tool allows policymakers to 
identify and quantify when they made faulty assumptions over time. The 
usscore tool is intended to be used by policymakers to learn good stra
tegies from states with superior scores. The time-series uscovid policy 
outcome analysis tool can visualize and monitor the progress of the 
effectiveness over time. Faulty assumptions in policies can be identified 
and corrected by policymakers through visualizing the time-series 
scores. 
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