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In the last four years, COVID-19 has been a rising concern among the global population, regarding the long-term effects that it
fosters, and the difficulties in predicting future spread of the disease within communities and populations. This research paper
narrows the scope of the problem down to the 50 states of the United States, having the purpose to examine the overall rate of
change in the number of COVID-19 cases from August 2020 to March 2024, model a function that predicts future spread of the
disease, and investigate the three factors that correlate with the diseases mortality and spread: air quality, mean income, and case
distribution. By utilizing the characteristics of the Markov Matrix - the state-to-state transition matrix- we constructed a model that
predicts the number of infections in each of the 50 states after two months and four months. In validation, we found out that the
models mean absolute errors (MAEs) are about 111.83 and 280.55, and the mean absolute percentage errors (MAPEs) are about
38.15% and 107.48% for original dataset, and 18.68% and 69.54% for normalized dataset, when evaluated for one week and two
weeks, respectively. When compared to the ARIMA models, which are widely used time-series forecasting models, our model has
significantly lower MAEs and MAPEs, both tested against original and normalized dataset. In the final stage, we were interested
in investigating three factors that correlated with the mortality and spread of the disease. By employing linear regression on every
state, we discovered that the air quality has a weak to moderate positive correlation with mortality (correlation coefficient = 0.458),
while the mean income has a moderate negative correlation with mortality (correlation coefficient = -0.652). By leveraging the
eigenvectors and eigenvalues of the state-to-state transition matrix, we discovered that when the case distribution tends to be
clustered in the East Coast states, the diseases spread would be highest.
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1 Introduction 1.2 Research gap and problem statement

Recently, a common method to predict the number of disease
cases is by using forecasting models that focus on the past trend
of COVID-19 spread. Those models exploit the trend of changes
in the number of cases in the past to predict the trend in the fu-

1.1 Background

First discovered in December 2019, COVID-19 is a virus that
detriments the respiratory system, in which the patients would
experience symptoms such as coughing, fever, and loss of smell
and taste'l. Recently, the virus caused a worldwide pandemic
and heath collapse through various means. To be specific, an
avenue COVID-19 can be spread is via physical contact between
people with the disease. In other words, as people travel between
cities and states, they spread the disease with them?. However,
the escalation of COVID-19 remained relatively unexpected
since there lacks a universal method to account for the spread
of the disease among cities and states. This dilemma raises a
question on how to construct a model to predict how COVID-19
would change in order to further prevent the spread of infection
in society.

ture time. One example of such models is the AutoRegressive
Integrated Moving Average (ARIMA) model, which is a statis-
tical analysis model that uses time series data to predict future
trends. The parameters in ARIMA model, p,d, and q, can be
optimally calculated by the method called Auto Arima, which
finds the best values for the parameters that minimize the Akaike
Information Criterion (AIC)#. Another example is the Expo-
nential Smoothing models, which are forecasting techniques
that utilize the weighted averages of past data to predict future
values®.

Even though there is a profound foundation of forecasting
models based on past dataset, those models often overlook the
parameters of current time, such as migration patterns. In one re-
search about the relationship between migration and the COVID-
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Table 1 Table of Notations

Notations Descriptions

AC, Daily average rate of change of COVID-19 cases on a
given date, n.

C, The number of COVID-19 cases on that date, n.

Cn+1 The number of COVID-19 cases one week after that
date, n.

R The Markov Matrix for the transition rate of people in
50 states.

P The vector for the number of COVID-19 cases in 50
states.

P The vector for the number of COVID-19 cases after one
unit of time.

Ry The basic reproduction number for COVID-19 (con-
stant).

t The unit of time that can be measured in weeks, months,
or years.

F () The function used to approximate the total number of
cumulative infection after time t, in 50 states.

o(t) The rate of recovery of a patient with COVID-19, with
respect to time.

0] The time taken for a patient to recover from COVID-19
(constant).

G(t) The function used to approximate the total number of
cumulative recovery after time t, in 50 states.

M(t) The function used to approximate the number of
COVID-19 cases at time t, in 50 states.

o) The function used to approximate the mortality of

COVID-19 given the air quality index o.
a The air quality index in a state (constant).
The function used to approximate the mortality of
COVID-19 given the mean income.
B The mean income in a state, in dollars (constant).
D The vector for the max spread distribution.

19 pandemic, it is revealed that 75 percent of cases as of 7 May
2020 and over 95 percent of cases as of 19 June 2020 were
among international migrants, according to the Saudi Ministry
of Health and Singapore Ministry of Health, respectively. Those
high percentages indicate that migration patterns have a strong
relation with the changes in COVID-19 cases. For this reason,
migration patterns, such as the probability of migrants moving
between different areas, can be a parameter that is implemented
to predict the future number of COVID-19 cases in those re-
gions.

1.3  Objectives

The objectives of this paper are to research the overall change
of COVID-19 cases, particularly the change in the number of
hospital admissions, from August 8 2020 to March 9 2024, to
better understand the trend of cases in the U.S. in that time
horizon, construct a forecasting model based on the migration
patterns to predict the number of cases in 50 U.S. states, and
further extend the study direction to investigate additional three
factors - air quality, mean income, and population distribution
to find any correlation between them and the diseases mortality

and spread. This study focuses on answering the following
guiding questions:

* How has COVID-19 cases changed in terms of the number
of hospital admissions in response to migration patterns
within the U.S.?

* How does that model compare to other time series models?

* What is the correlation between COVID-19 mortality and
air quality?

* What is the correlation between COVID-19 mortality and
mean income?

e What is the distribution of cases in 50 states the lead to the
most spread?

2 Literature review

In this section, we will discuss two existing works that aimed to
predict COVID-19 cases with time series model, two research
studies that relate the diseases mortality with air quality and
average income, and one paper that relates the diseases spread
in different regions.

2.1 Time series forecasting models

A research article done by SHOKO Claris and NJUHO Pe-
ter” focused on predicting the spread of COVID-19 using the
ARIMA(p,d,q) model. The study utilized data on daily con-
firmed COVID-19 cases for Southern Africa Development Com-
munity (SADC) member states from March 5, 2020, to July
15, 2021. The study proposed several ARIMA models. The
best ones were judged based on the log-likelihood, AIC (Akaike
Information Criterion), and BIC(Bayesian Information Criteria)
of the fitted models.

From the methodology, the researchers found that the best
model is the ARIMA(11,1,9) model with the smallest root-
mean-square deviation (RMSE) of 990.479. Other mod-
els were also evaluated with the RMSEs of 1004.582 and
1005.022 for ARIMA(9,1,9)and ARIMA(11,1,11), respectively.
Those models were also evaluated with mean absoluate error
(MAE): 406.899, 385.540, and 393.726 for ARIMA(11,1,9),
ARIMA(9,1,9), and ARIMA(11,1,11), respectively.

Another research paper written by Souad Larabi-Marie-Sainte
et al.® focused on evaluating the effectiveness of the Exponential
Smoothing techniques in forecasting the spread of COVID-19
in KSA, USA, Spain, and Brazil. The dataset was acquired
and preprocessed using the Box-Cox transformation and dif-
ferencing technique, and the Augmented Dickey-Fuller (ADF)
test and KwiatkowskiPhillipsSchmidt Shin (KPSS) test were
applied to check for stationary of the time-series data. Different

2 | NHSJS2025

© The National High School Journal of Science 2025



forecasting techniques (Drift, SES, Holt, ETS) were then vali-
dated using Residual’s test, Auto correlation Function (ACF),
and Ljung-Box test, and the best model would be evaluated by
RMSE, MAE, MPE, ACF1.

Focusing on the examination of the models in the U.S., the
ETS and Holt technique produced the MAEs of 2687.257 and
2470.140 with the MPEs of -9.189413 and -7.235159 respec-
tively.

Besides ARIMA and Exponential Smoothing, a stochastic
process called Markov Chain® can also be utilized to predict the
future number of COVID-19 cases. A research paper done by
Elvis Han Cui and Weng Kee Wong'? exploited this probabilis-
tic process in modelling COVID-19. Although this work also
used Markov Chain as the forecasting technique, its assumption
and research question is different from ours. In particular, the
study combined the Markov Chain with the SEIRD model (a sys-
tem of differential equations involving the susceptible, exposure,
infection, recovery, and death rate), while our study focused on
the migration patterns of the U.S.

2.2 Relationship between COVID-19 mortality and air
quality

In a study about the impact of air pollution on COVID-19 in-
cidence, severity, and mortality, researchers Ireri Hernandez
Carballo et al.!!' provided a systematic review of studies in Eu-
rope and North America. The researchers studied the studies
in PubMed, Web of Science, and Scopus to find articles that
quantitatively measured the relationship between air quality and
COVID-19 health outcomes.

From 2482 articles examined, the study found 116 studies
reporting 355 pollutant-COVID-19 estimates. From those 116
studies, the researchers also found that about half of all evalu-
ations on COVID-19 incidence were positive, at 52.7 percent.
In addition, slightly less than half of those studies displayed
an association between the diseases mortality and pollutants, at
48.2 percent.

This remarkable relationship between COVID-19 mortality
and pollutants was a motivation for us to further our research di-
rection into reviewing and investigating the correlation between
the two factors. In particular, our paper aims to address how
the disease mortality changes in respect to the air quality index
in 50 U.S. states and examine how significant that relationship
is. We also developed a model to predict COVID-19 mortality
based on the air quality index.

2.3 Relationship between COVID-19 mortality and house-
hold income

A research study by Tsikata Apenyo et al.'2 aimed to investigate

the relationship between COVID-19 incidence and county-level
median household income and status of Medicaid expansion of

US counties. The study constructed a retrospective analysis of
3142 US counties, focusing on the period from January 20, 2021,
to December 6, 2021. The median household income was log-
transformed and stratified by quartiles. After that, Multilevel-
mixed-effects-generalized-linear-modeling was implemented to
study the discussed relationship.

From the study, the researchers concluded that while median
household income was not related to COVID-19 incidence, the
median household income showed a negative relationship with
the diseases mortality. In particular, while the incidence num-
ber (with standard deviations) did not differ by much between
household income quartiles (5,121.08 + 2471.59, 5,299.32 +
5338.71, 5,166.40 £ 2666.65, and 5,033.77 £ 5705.18 for quar-
tile 1, 2, 3, and 4 respectively), the mortality showed significant
differences among those quartiles (113.32 £+ 87.43, 92.21 £+
109.58, 75.69 + 62.84, and 72.32 4 112.19 for quartile 1, 2, 3,
and 4, respectively).

This significant relationship between COVID-19 mortality
and household income was a motivation for us to further our re-
search direction into reviewing and investigating the correlation
between the two factors. To add more to the literature, instead of
median household income, our study examines the correlation
between the mean household income and the diseases mortality
and addresses how significant that relationship is. We then de-
veloped a model to predict COVID-19 mortality based on the
mean household income using.

2.4 The spread of COVID-19 in different regions

A research paper done by Sarah L. Jackson et al.l® examined the
spatial disparities of COVID-19 cases and fatalities in different
U.S. counties. The research studied the distribution of COVID-
19 cases of 3140 counties from January 21, 2020, to January 30,
2021.

From the examination, the researchers concluded that signifi-
cant cases per 100000 were most prevalent between November
2020 and January 2021, with the greatest impact in the Great
Plains, Southwestern and Southern regions with the highest
cumulative cases of >9786/100000 in the Southwest.

These results of the distribution of COVID-19 in the U.S.
regions was a motivation for us to further our research direction
into developing a technique to predict what kind of disease
distribution, in terms of number of cases, in 50 U.S. states will
give rise to the most spread.

3 Methods

3.1 Data Collection

We first approached the problem with the analysis on how
COVID-19 has changed from August 8, 2020, to March 9, 2024,
in the United States, in terms of number of cases. In order to
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accomplish this goal, we gathered data about the number of hos-
pital admissions caused by COVID-19 from the CDC COVID
Data Tracker* and examined how the number of patients has
changed in about four years. We chose to examine the number
of hospital admissions over number of cases to investigate the
severity of the disease. A study about fatality (mortality) rates in
hospitalized COVID-19 patients done by Ana Macedo et al. 1>
reported an overall 17% mortality for admitted COVID-19 pa-
tients, while the global mortality is only 6.73%. In addition,
of the hospitalized patients, the study showed that 20% needed
highly complex medical assistance, and the study also reported a
40.5% mortality rate in critically ill COVID-19 patients. These
statistics show that while both hospital admissions and number
of cases depict the number of infections, the hospital admissions
indicate the spread of the disease in more serious situations,
particularly with high mortality rates, which is crucial to study
for future prevention.

Once having a clear view on the changes in COVID-19 in-
fections, we constructed a model on how to further predict the
spread of the disease by analyzing the migration patterns within
the United States. In order to fulfill this aim, we made use of
Markov matrices, in which the matrix holds the transition rates
of people traveling between all of the states to capture the migra-
tion patterns within the United States. The reason for choosing
Markov matrices for the basis of the forecasting model is be-
cause they can be used to predict future outcomes in this case is
the future number of COVID-19 cases based on the current state.
This selection is highly significant because our model aims to
forecast the spread of the disease with only the current data and
not past trends, thus theoretically will require smaller datasets
to work with. Note that while this selection is advantageous in
hard-to-predict situations that are not dependent on historical
fluctuations of the number of cases, it is disadvantageous for
longer term prediction as the Markov Matrix stays constant,
but migration patterns in reality can change over time. These
benefits and drawbacks are further discussed in section 6.1 and
6.2. The transition rates were calculated from a database of
the number of state-to-state migration retrieved from the United
States Census Bureau'l®. After the calculation, we examined the
rates of change of COVID-19 cases in several states with those
predicted in the model, one and two weeks after 04/02/2020 for
testing. We further decided to simulate the number of cases in
the following times, and we compared the simulation with real-
life data. After that, we compared our models performance with
that of the ARIMA(11,1,9) model, the best one in the research®
and the best ARIMA(p,d,q) model for the dataset, in terms of
MAE and MAPE. We further investigated the seasonality of
the dataset and found that it is seasonally stationary. We also
compared our model with the best Seasonal Autoregressive Inte-
grated Moving Average models, or SARIMA(p,d,q)(P,D,Q)[m],
in terms of MAE and MAPE.

Finally, after we predicted the number of infected people in

the future, we were interested in how to prevent the disease from
spreading. We examined factors that could lead to the increase
in the deaths of COVID-19 patients. We gathered the data for
the diseases mortality in 50 states in 2021 at'Z, the air quality
in 50 states in 2024 at'®, and mean annual income in 50 states
in 2021 at'®. Upon analysis, we focused on the correlation
between the death rates from COVID-19 and the elements such
as the air quality, mean income, and population distributions.

3.2 Data preprocessing for forecasting models comparison

For the necessary data for our forecasting model and the ARIMA
models, we used the dataset about the COVID-19 cases and
deaths number by state from the USA FACTS??, Note that
District of Columbia (DC) was dropped from the dataset because
it is not a state. The dataset begins on 1/22/2020 and ends on
7/23/2023. Firstly, for our forecasting model only, we selected
the number of cases by state, which were added up from every
presented county in each state, on 04/02/2020 as our initial
values in the model. To prepare for the Markov Matrix, we first
dropped the District of Columbia (DC) for consistency, and we
calculated each of the entries by finding the ratio between the
number of citizens moving to one state and the total number
of citizens moving to 49 states and staying in their state. That
is, given a Markov Matrix R with size 50x50, the entry Ri,j is
calculated by dividing the number of citizens moving from state
i to state j by the total number of citizens moving from state
i to 49 other states and staying in state i. This idea is further
discussed in section 3.3.

For the ARIMA models for comparison, we also summed up
the number of cases in every presented county of all states. Since
the dates are presented as columns (for example, 1/22/2020 is
one column, and 1/23/2020 is another column), we melted and
dropped any unnecessary columns in our dataset so that the
dates are on one column, with the columns of State and total
cases. After that, we fitted and trained the time series models up
until the desired dates. While doing so, we dropped any dates
where there were no available data.

To implement the ARIMA models, which are time-series,
we tested for the datasets stationarity from the beginning
to 04/09/2020 and from the beginning to 04/16/2020. We
used the ADF (Augmented DickeyFuller) test and KPSS
(KwiatkowskiPhillipsSchmidtShin) test. The results from Table
2 shows that ADF statistic is -14.01 (negative) and p-value is
3.66 x 10-26 < 0.05, and the KPSS statistic is 0.082 and p-
value is 0.1 > 0.05. These results indicate that both ADF and
KPSS tests show that the series is stationary from 01/22/2020 to
04/09/2020.

The results from Table 3 show that both ADF test and KPSS
test for the seasonally differenced data indicate seasonally sta-
tionarity (ADF statistic is negative with p-value less than 0.05,
and KPSSs p-value greater than 0.05). These results indicate
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Table 2 Test for stationarity of the original dataset from 1/22/2020 to

4/09/2020
Test Type Test Statistic p-value
ADF -14.01 3.66x10-26
KPSS 0.082 0.1

statistic is 0.03 and p-value is 0.1 > 0.05. These results indicate
that both the ADF and KPSS tests show that the normalized
series is stationary from 01/22/2020 to 04/16/2020.

Table 5 Test for stationarity of the normalized dataset from 01/22/2020
to 04/16/2020.

that both ADF and KPSS tests show that the series is stationary
from 01/22/2020 to 04/16/2020.

Table 3 Test for stationarity of the seasonally differenced dataset from

Test Type Test Statistic p-value
ADF -15.27 6.45x 1077
KPSS 0.03 0.1

01/22/2020 to 04/16/2020

Test Type Test Statistic p-value
ADF -12.69 1.15x107%
KPSS 0.09 0.1

For the best ARIMA(p,d,q) model for the dataset, we used
Auto ARIMA after first order differencing to find the optimal
parameters. The algorithm indicated that ARIMA(2,1,0) is the
best model for the dataset.

To prepare for potential issues in data integrity, we create
another dataset that normalizes the original data of the number
of COVID-19 cases from the beginning to 04/16/2020 using the
log-transformation technique. That is, for each data point xi
in the column of COVID-19 cases, the normalized data point
xnewi will be computed as the following.

Xnew; = In(x;+1)

The reason we chose this normalization technique was be-
cause the natural logarithm function closes the gap between
small values and extremely large values, which prevents the data
from having outliers and skewness. The +1 term in the function
has the purpose of preventing the normalized data from getting
negative values.

We then tested for stationarity for this new normalized dataset
using the ADF and KPSS tests. The results from Table 4 shows
that the ADF statistic is -14.22 (negative) and p-value is 1.67 x
10726 < 0.05, and the KPSS statistic is 0.04 and p-value is 0.1 >
0.05. These results indicate that both the ADF and KPSS tests
show that the normalized series is stationary from 01/22/2020
to 04/09/2020.

Table 4 Test for stationarity of the normalized dataset from 01/22/2020
to 04/09/2020

Test Type Test Statistic p-value
ADF -14.22 1.67 x 1020
KPSS 0.04 0.1

The results from Table 5 shows that the ADF statistic is -15.27
(negative) and p-value is 6.45 x 10728 < 0.05, and the KPSS

For the best ARIMA(p,d,q) model for the normalized dataset,
we used Auto ARIMA after first order differencing to find the
optimal parameters. The algorithm indicated that ARIMA(O0,1,1)
is the best model for the normalized dataset.

3.3 The formulation for the forecasting model

In this subsection, we proposed a model, which is referred to as
our (forecasting) model in the following sections, to estimate
how the number of COVID-19 cases will change in 50 U.S.
states, based on the method of Markov Chain. This technique
explores the spread of COVID-19 based on the current case
distribution and past state-to-state migration trends.

3.3.1 The estimation of the number of cumulative cases
after a period of time

To begin with, we took the movement of people between
the states into account in our model. To achieve this goal, we
proposed a Markov Matrix such that the elements are the proba-
bilities of people migrating from one state to the others. Given
the Markov Matrix R, the entry Ri,j displays the probability of
people moving from state i to state j. For example, R1,1 is the
probability that people move from state 1 to state 1 (stay in the
same state). Likewise, R1,2 is the probability that people move
from state 1 to state 2.

Rii Ro1 -+ Rsoi
Ri»

R=1| . ) (1)
Ri50 Rs0,50

This matrix will assist in the process of finding the number
of people after moving between the states after a period of
time. With the given transition state of the Markov Matrix, we
construct a basic Markov Chain. Given the Markov Matrix R
and a vector of population of COVID-19 cases in those 50 states
P, the new linear number of COVID-19 cases in 50 states, after
one unit of time, is the product of R and P, such that P{, P; - - - P,
are the number of cases in a given time Pi, and P[, P}, - - - P, are
the number of cases after one unit of time.

R-P=PF
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R],] RZ,] ...R50’1 P Pll
Ri> P Py

. S = : 2
Ri150 Rs0,50 Pso P,

We decided that our model would be used to predict the num-
ber of future cases in the context of no outbreaks or lockdowns.
In such situations, the migration patterns over time would not
change rapidly. We concede that other factors such as economic
and public policies could lead to drastic changes in the migration
patterns, but since our model is evaluated in small time intervals,
such factors can be avoided to prevent adding more parameters
to the model, thus simplifying the model and preventing over-
fitting at the cost of accuracy. Assuming that the probability
of people migrating from one state to the others remains rela-
tively constant, we decided that the Markov Matrix will stay
unchanged to avoid the over-complicated nature in evaluation
of the model. In order to predict future linear population of
COVID-19 cases in all 50 states, we propose an expression
based on the method of matrix exponentiation. Given a Markov
Matrix of transition rate R, and the current vector for the popula-
tion of COVID-19 in 50 states P, the predicted number of cases
after t time is calculated as the following expression.

R'P
Ri1 Ry1 ...Rsp ! Py
Ri> b,
- : . B &)
R150 Rs0,50 Pso

This method will only yield the linear result for the new
COVID-19 population in the 50 states after a given time. In
other words, this method assumes that one infected person will
spread the disease to only one person and there is no recovery
among them. In reality, however, the COVID-19 can spread
from one person to many other people. This nature is called the
basic reproduction number, Ry, which is the number of people an
infected person can spread the disease to® . In order to take this
fact into consideration, we propose an exponential expression.
It is important to note that R is not a static value, but this model
would assume that Ry remained constant across all U.S. states
as an estimation because this model aims to forecast the number
of COVID-19 in a population without focus on any specific
group of people, population density, public health intervention,
or virus strain.

As seen in Figure 1, the number of infected people after a
time t is calculated by (Ry)’. However, we are more interested
in the number of infected people accumulated from time O to

T

T=3

Fig. 1 The graph for the basic reproduction number, when Ry =2

time t. In order to achieve this goal, we propose a method that
find the total number of infected people from time O to time t.

(Ro)" + (Ro)' ™"+ (Ro)" >+ -+ (Ro)°

= Z (Ro)' ™ = Z (Ro)’ @
j=0

j=0

We acknowledged that the value for Ry is different across
different states. Therefore, to account for this disparity, instead
of a scalar, Ry is a 50 x 50 diagonal matrix, where the diagonal
entries are the R for the 50 states. That is, given the R for state
1, Ro1, Ry for state 2, Ry; . . . Ry for state i, Ry;, the summation for
Ry from time O to time t is expressed as the following equation.

Y o(Ror)) 0 .0
; . 0
) (Ro) = : . (5)
J=0 : : _
0 Yo (Roso)’

This equation will only give us the growth of infected people
without the consideration of the number of COVID-19 cases. In
order to take the number of cases into consideration, we take
the method of Markov Chain discussed above. Given a Markov
Matrix of the transition rate R, the vector for the current COVID-
19 population in 50 states P, the Ry value, and the time t, the
total number of COVID-19 cases accumulated after time t, F (t),
is expressed as the following formula.
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F :[0,00) — RY

LI : (6)
F()=Y R/ (Ry)’P
J=0
It is worth noting that F (T) = 0 when ¢ < 0 because although
the summation is undefined when evaluated at negative times,
t < 0 still exist before the evaluated times. Since they are unim-
portant, our model ignores them and considers them as having
zero value. This formula can be utilized to calculate the cu-
mulative number of COVID-19 cases accumulated after time
t. However, we were interested in predicting the exact number
of COVID-19 cases on time t. Therefore, we need to take the
recovery rate of the disease into account because in reality, a
person can be more than likely to recover from the infection.

3.3.2 The consideration of the recovery and reinfection
rate

The recovery rate of a disease is defined by the number of
patients recovering from a disease over a time period. This rate
can be calculated from a source that accounts for the number of
patients recovering over time. The reason we chose to consider
the rate of recovery over the total number of recoveries is that
it is difficult and impossible to know the recovery number in
the future time. It is possible, however, to utilize the recovery
rate to predict future amount of recovery. Suppose there is the
number of patients recovering from COVID-19 with respect to
time t. Then the rate of recovery is the derivative 6(¢). This
rate is the number of recoveries over a given time, measured in
people per unit of time. The value of §(¢) can be estimated by
finding how many patients can recover, given a period of time.
Given a time taken for a patient to recover from the disease ®,
and the number of patients K at one time unit before time t.

5=
5= " ™)

It is important to note that the recovery rate J(¢) is estimated
from the function that calculates accumulated number of cases
F(t) to avoid using any continuously inconsistent parameters
such as severity of infection, age groups, or regions. Once
having the value for &, we then proposed a formula for the total
number of recovery patients, G(t), accumulated from time O to
time t.

G(t)= [ &8(t)dt

0
G(t)= /Ot Mdt

()

®)

Since the function F(t) above is calculated discretely using the
summation notation, we would like to approximate function G(t)

using a discrete summation, which is the sum of the product of
the recovery rate and the equally time periods, assumed to be 1.
We therefore have an estimate of the function G(t),

9

L= ©)
Although this formula is not continuous, it can estimate the total
accumulated number of patients recovering from the disease
at time t, assuming that the time taken for recovery is held
constant at all times. In order to compute the accurate number
of COVID-19 cases at time t, we subtract the total accumulation
of COVID-19 infection from time O to time t with the total
accumulation of COVID-19 recovery from time O to time t.
We, therefore, constructed a formula to estimate the number of
COVID-19 cases in 50 states at time t, M(t) as follows.

- w (10)

When an entry of M(t) is negative, it means that the number of
recoveries of that state is larger than the number of infections. In
other words, at time t, the rate of recovery is faster than the rate
of infection, meaning that all currently infected people recover
from the disease. This occurrence would be impossible given
that the system of states we are examining are closed because in
a closed system, the number of infections must always be equal
to or greater than the number of recoveries. We have proven and
tested that up until t=1000, our model yields M(¢) > O (see in
Appendix).

3.4 Variables and Assumptions for the Forecasting Model

At this stage, we wanted to verify the values that our model used
that reflected its accuracy in predicting the number of COVID-
19 cases. To do so, let us define some values for the necessary
variables and the assumptions for the model.

0.772104 0.001439 ...0
0.001169
R= :
0 0.665897

Justification: This matrix is calculated from the database of
United State Census Bureau for the state-to-state migration in
202219 The rates in this matrix are assumed to stay constant in
all months as that will avoid over-complications in our model.
When the matrix remains constant, the model does not have to
continuously tune to change the rates every day, or every month.

© The National High School Journal of Science 2025

NHSJS 2025 | 7



106

Justification: This vector, displaying the 7-day average num-
ber of cases in 50 states, is retrieved from USA FACTS of
coronavirus cases and deaths on April 2, 2020 20

126 0 ...0
0

Ry =
0 1.55

Justification: This is the matrix for the RO values of COVID-
19 in 50 states on April 1 2020=Y,

0=15

Justification: This value is estimated from the fact that
COVID-19 patients usually need one to two weeks to recover
according to the Johns Hopskins Medicine?%. The purpose of
the model is to estimate the change of COVID-19 cases in 50
states population, without any focus on specific groups of people.
Therefore, the model uses the value @ = 1.5 averaging from 1
and 2 weeks, as an estimation of the recovery time.

- t time is assumed to be every week after April 2, 2020, mean-
ing each unit of t is one week after that date in the simulation.
Justification: We wanted to investigate in a small-time interval
for closer examination. The short time intervals are also essen-
tial for the inclusion of the constant transition matrix R because
the migration pattern changes less in a short period of time. In
addition, since the vector P has the 7-day average of the number
of cases of 50 states and the matrix Ry has the weekly Rys of
those states, the weekly time interval will ensure consistency in
the model. The date April 2, 2020, is based on the data from the
initial cases from vector P.

- We assumed that the effect of immigration is negligible, and
so there would be no immigrants coming to the U.S.
Justification: This model is constructed based on the state-to-
state migration, so we did not account for the immigrants popu-
lation as that will over-complicate this model, requiring a larger
matrix. The model will become more complicated if we intro-
duce immigration because according to a previously discussed
research paper on relationship between migration patterns and
COVID-19 pandemic, the immigrants accounted for at least 3.7
percent of the countries with the highest number of COVID-19,
including the U.S.©. This finding shows that immigration may
increase the predicted number of COVID-19 cases in the model
to some extent.

4 Results

4.1 An overall change of COVID-19 hospital admissions

Table 6 Descriptive Statistics for COVID-19 hospital admission in the
uU.s.

Minimum| First Median | Third Maximum | Mean Standard
Quartile Quartile Deviation
6324 18082.75 | 28253 | 42632.25 | 150650 36570.09 | 28066.83

The results from Table 4 for the dataset of the number of
COVID-19 hospital admissions in the U.S. from August 8, 2020,
to March 9, 2024, shows that the number of reported cases
ranged from 6324 to 150650, with a mean of 36570.09 and
standard deviation of 28066.83.

Upon analysis, we discovered that the number of COVID-
19 cases in the United States changed with different rates in
four years. In other words, the number of patients fluctuated
consistently throughout the period of study. In order to better
visualize the data, we had constructed a graph based on the data
from the CDC, as seen in Figure 2.
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2021 2022 2023 2024
Date
Fig. 2 Number of COVID-19 hospital admissions from August §, 2020,
to March 9, 2024.

From October 2020 to January 2021, we witnessed a dramatic
increase in the cases followed by a significant decrease in seven
months right after that. From July 2021 to January 2022, the
number of hospital admissions sky-rocketed by approximately
83 thousand patients, making it the largest number of patients
in the period of four years. However, right after 3 months, the
number of patients once again dropped noticeably from over
150 thousand to about 10 thousand patients. From May 2022 to
March 2024, there was not any noticeable change. In those two
years, the number of hospital admissions fluctuated constantly
around 20 thousand cases.
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One remarkable trend in this data is that the number of cases
in January was the highest in each year, and that in July was
the lowest, except for the case in July 2022. In other words, the
local maximum and minimum of the number of patients were
almost always in January and July, respectively, showing that
the disease was spread the most in January and the least in July.
We further recognized that the absolute maximum occurred in
January 2022, indicating that the pandemic spread the most at
that time throughout the studied period. On the contrary, the
time the disease reached the lowest amount was in July 2023.

4.2 A closer investigation on the rate of change of COVID-
19 hospital admissions

We were not only interested in investigating the amount of
COVID-19 hospital admissions, but we were also intrigued
by making an examination of how fast the disease changed
throughout four years. In order to fulfill that goal, we decided
to calculate the daily average rate of change of the number of
cases. We proposed a formula based on the data we had

Cn+1 - Cn

AC, = =

AC, : daily average rate of change of cases on a given date
C,, : the number of cases on that date
C,11 : the number of cases one week after that date

For better visualization, we decided to construct a line graph
of the average rate of change in the number of cases, from
August 2020 to March 2024, as seen in Figure 3.

2000 A
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Average hospital admissions per day

—4000 -
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Date

Fig. 3 The daily average rate of change in the number of COVID-19
hospital admissions from August 8, 2020, to March 9, 2024

In this visualization we noticed certain trends in how fast the
COVID-19 cases changed. In each year, the lowest daily rate
of change was around January, showing negative rates. In fact,
the graph depicts that the months preceding January (September
to January) were accounted for negative changes, indicating

that the number of COVID-19 cases tend to decrease in these
months. While the months following January (January to July)
had positive rates, showing that the number of cases increases
at this time of the year.

Another pattern that we witnessed in this graph is that most
of the time, the relative maximum and relative minimum, in a
six-month period, were about three months apart. For example,
there was a relative minimum in November 2020 (about -2000
cases per day) and a relative maximum in February 2021, three
months after (about 2000 cases per day).

Based on these trends, we hypothesized that the reason for
the decreasing and increasing rates in certain months is because
people move more in the months near the summer and move
less in the months near the winter. This hypothesis is supported
by the fact that the moving season in the United States tends
to be from mid-May through mid-September2?. At the end of
the moving season, which lasted about 3-4 months, people stop
migrating, which leads to a turning point (relative minima and
relative maxima) in the spreading speed of COVID-19. These
hypotheses led us to believe that as people move from one place
to the others, they spread the disease with them. This belief left
us with a question on how much the movements of people will
affect the spread of COVID-19, and how a model can be made
to predict future changes regarding interstate migrations.

4.3 Forecasting Model results

After substituting the necessary values for the variables found in
subsection 3.4, we then ran a simulation, based on the function
M(t) to depict how well our model would predict the spread of
COVID-19 in 50 states. We simulated the model to predict the
number of cases in two weeks after April 2, 2020, meaning we
evaluated the formula with 0 <¢ < 2, where ¢t € N. First of all,
for the visualization of the accuracy of our model, we decided to
plot the observed and predicted value of the cases from April 2,
2020, to April 16, 2020. We randomly selected two states from
the northeast, southeast, northwest, southwest, and Midwest of
the United States (as seen in Figure 4).

At the first glance, it is noticeable that the prediction tends to
be more accurate at time t = 1 (besides at t = 0) than at time t =
2. This trend is supported by the evidence that as time proceeds,
the gap between the observed and predicted values tends to get
larger. Another remark we observed through this simulation
was that the overall change of the prediction is similar to the
observed change in terms of the speed and net change.

However, the visualization from these ten states does not
ultimately depict the accuracy of our entire model. In order to
achieve this goal, we estimated the error from our predictions
from 50 states based on the mean absolute error (MAE) and the
mean absolute percentage error (MAPE). Given the observed
values xi, the MAE and MAPE of the predicted values M(t)i is
calculated as the following.
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Fig. 4 Visualization for the prediction accuracy of two states in five
regions of the U.S.
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We then evaluated these two functions for t = 1 (April 9) and t =
2 (April 16).

MAE| ~ 111.83
MAPE;| ~38.15%
MAE, ~ 280.55
MAPE, ~ 107.48%

These values indicate that when predicting fromt=0to t =
1, our models prediction was 82.46 cases and 28.95% off from
the observed values. Similarly, when simulating from t = 0 to
t = 2, our model tends to be 194.65 cases and 71.65% off. We
therefore concluded that the model is best used to forecast the
number of cases in about two months from the initial time.

As discussed above, we acknowledged that this model works
better at t = 1 than at t = 2. We further wanted to examine the
accuracy of the predictions by calculating the magnitude of the

spread of COVID-19 in 50 states on April 9. In order to achieve
this goal, we compare the L, norm of the predicted and observed
values. The magnitudes of the spread or the L2 norms, ||p|| and
|M(1)]], are calculated as the following.

Ip|l : the magnitude of the observed cases x : the observed
cases

|[M(1)] : the magnitude of the predicted cases at t = 1

a : the predicted cases att = 1

After evaluated those two values, we got ||p|| & 14079.16 and
(|M(1)] ~ 8819.51.

By definition, these norms reflect the magnitudes of the spread
of COVID-19 in 50 states. A large value of norm, for example,
indicates that there is a high spread of the disease. As seen in the
values of ||p|| and ||M(1)]|, our model overall underestimated
magnitude of the spread of COVID-19 in April 9, 2020.

4.4 Models comparison

In this section, we compare our forecasting models perfor-
mance with that of the ARIMA(11,1,9) and ARIMA(2,1,0) in
predicting the COVID-19 cases in 50 states 04/09/2020 and
04/16/2020. We trained each of the ARIMA models up until
before 04/09/2020 and up until before 04/16/2020.

Table 7 shows that the number of COVID-19 cases by state
from 1/22/2020 to 6/1/2022 ranged from 0 to 159937 cases with
a mean of 1088.88 and a standard deviation of 6911.56.

Table 7 Descriptive Statistics for the number of COVID-19 cases by
state from 01/22/2020 to 04/09/2020

Minimum | First Median Third Maximum| Mean Standard
Quar- Quartile Deviation
tile

0 0 0 136 159937 1088.88 | 6911.56

Table 8 shows that the number of COVID-19 cases by state
from 01/22/2020 to 04/16/2020 ranged from 0 to 222284, with
a mean of 1948.62 and a standard deviation of 10922.95.

We evaluated the two ARIMA models performance and com-
pared that with our model, in terms of mean absolute error
(MAE) and mean percentage error (MAPE). According to Table
7, our model did better than ARIMA(11,1,9) and ARIMA(2,1,0)
in the performance for 04/09/2020, while our model only did
better than ARIMA(11,1,9) in the performance for 04/16/2020.
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Table 8 Descriptive Statistics for the number of COVID-19 cases by
state from 01/22/2020 to 04/16/2020

Table 10 Performance comparison for the forecasting models against

normalized dataset

Minimum | First Median | Third Maximum| Mean Standard
Quartile Quartile Deviation
0 0 1 344 222284 1948.62 | 10922.95

Table 9 Performance comparison of the forecasting models against
original dataset.

Performance for | Performance for
04/09/2020 predic- | 04/16/2020 predic-
tion tion
Model type MAE MAPE MAE MAPE
Our model 111.83 | 38.15% 280.55 | 107.48%
ARIMA(11,1,9) | 146.53 | 38.45% 700.02 | 129.64%
ARIMA(2,1,0) 125 30.40% 181.77 | 62.55%

Performance comparison of the forecasting models against
original dataset.

According to the Table 9, our model did better than
ARIMA(11,1,9) and ARIMA(2,1,0) in performance for
04/09/2020 prediction, in terms of MAE, while our model
only did better than ARIMA(11,1,9) in the performance for
04/16/2020, in terms of MAE. While our model did better than
the ARIMA(2,1,0) model in terms of MAE for 04/09/2020, its
MAPE was higher than that of the ARIMA(2,1,0). One reason
for this counterintuitive result is because of the datasets strong
positive skewness (the means in Table 7 and 8 are much larger
than the median), meaning there are more small values than
large ones. Therefore, just a small absolute error (MAE) in the
small values might lead to an extremely large percentage error
(MAPE). We hypothesized that our model made small abso-
lute errors (MAE) in the small values, but because the dataset
has a lot of small values, our models predictions turned out to
have higher MAPE. To avoid misleading results for comparison
between these forecasting models, we chose to normalize our
dataset according to the log-transformation technique introduced
in section 3.2. We then evaluated the forecasting models again
in terms of MAPE as the only metric with the sole purpose of
deciding which one is better than the others. Note that this time,
we replaced ARIMA(2,1,0) with ARIMA(O,1,1) because the
normalized dataset has different distribution than the original
one, and using Auto-ARIMA, we found that ARIMA(0,1,1) is
the best ARIMA model for dataset (discussed in section 3.2).

The result from Table 10 indicates that the best model among
the three for 04/09/2020 and 04/16/2020 prediction is our model,
with the lowest MAPE (18.68% and 69.54%, respectively).

Performance Performance
for 04/09/2020 | for 04/16/2020
prediction prediction
Model type MAPE MAPE
Our model 18.68% 69.54%
ARIMA(11,1,9) | 69.47% 110.67%
ARIMA(0,1,1) 59.56% 77.22%

5 Further Research Directions

After examining the accuracy of our model, we were interested
in researching the correlation between the COVID-19 mortal-
ity (or death rate), spread, and three factors: air quality, mean
income, and case distribution in 50 U.S. states. The reason we
investigate those three factors is to verify and explore the corre-
lations that are mentioned in the literature review (section 2). By
definition, the mortality of a disease is the rate of patients dying
from that disease in a population; in this data, it is calculated
by finding the number of deaths from that disease over 100,000
total population.

The descriptive statistics for the diseases mortality in 50 U.S.
states in 2021 shown in Table 11 show that it ranged from 29.5
to 158.8, with a mean of 99.32 and a standard deviation of 33.85.
The median (101.5) and mean (99.32) are approximately equal,
indicating an approximate normal distribution.

Table 11 Descriptive Statistics for the COVID-19 mortality in 50 U.S.
states in 2021

Minimum | First Median | Third MaximumMean Standard
Quartile Quartile Deviation
29.5 71.13 101.5 133.85 158.8 99.32 33.85

5.1 Air quality

To begin, we examined the extent to which air quality could
lead to the increase in COVID-19 mortality. To achieve this
goal, we took the data of the 2024 air quality by state'® and the
2021 COVID-19 mortality”. In this investigation, we assumed
that the air quality by state in 2024 did not change significantly
compared to 3 years before, so it can be utilized for correlation
with the COVID-19 mortality in 2021. By definition, the air
quality is calculated by measuring the air quality index. As the
air quality index increases, the air quality of an area decreases.

The descriptive statistics in Table 12 show that the air quality
index for 50 states in 2024 ranged from 21.20 to 51.20, with a
mean of 42.21 and a standard deviation of 5.26. The median
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(43.55) and mean (42.21) are approximately equal, indicating
an approximate normal distribution.

Table 12 Descriptive Statistics for the Air Quality Index for 50 U.S.
states in 2024

Minimum | First Median | Third Maximum| Mean Standard
Quartile Quartile Deviation
21.2 39.53 43.55 459 51.2 4221 5.26

After that, we performed a regression analysis on those vari-
ables. As seen in Figure 5, the graph depicts a weak positive
correlation between the mortality rate and the air quality index,
with a 95% confidence interval. This correlation indicates that as
the air quality index increases (gets more polluted), the mortality
tends to increase.
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Fig. 5 Correlation between air quality and mortality

As observed, there are about 12 states that fall within the
confidence interval band, meaning they are close to the regres-
sion prediction, having the air quality index between 37 and
47. However, the majority of the states mortality and air quality
tend to scatter far from the line of best fit. This leads to the
correlation coefficient of only about 0.458, which is considered
as a weak to moderate correlation. From the correlation, we also
investigated whether the correlation coefficient is statistically
significant. We decided to perform a t-test on the correlation?*,
which has the following assumptions:

1. Linearity
2. Normality of residuals

3. Homoscedasticity

The t-test is performed, with the null hypothesis that there is
no clear linear relationship between mortality and air quality in-
dex. After calculating, the p-value of the t-test is approximately
0.0008 < 0.05, which rejects the null hypothesis, indicating
that the correlation coefficient calculated above is statistically
significant.

To verify that the calculated t-test is valid, we employed the
following diagnostics tests for the above assumptions:

1. For linearity, we already assumed that the two variables
(mortality and air quality index) are in a linear relationship.

2. For normality, we employed the Shapiro-Wilk test>. If
the p-value of the test is greater than 0.05, it rejects the
null hypothesis, indicating a normal distribution of the
residuals.

3. For Homoscedasticity, we employed the Breusch-Pagan
Test20. If the p-value is greater than 0.05, it supports ho-
moscedasticity.

Table 13 Results for the diagnostics test for the t-test of the correlation
between COVID-19 mortality and air quality index in 50 states.
Tests Results

Shapiro-Wilk Test p-value = 0.2203

Breusch-Pagan Test p-value = 0.4951

The results from Table 13 suggest that the t-test for the corre-
lation coefficient between COVID-19 mortality and air quality
index is valid (Shapiro-Wilk Test p-value > 0.05 and Breusch-
Pagan Test p-value ¢, 0.05).

The heat map in Figure 6 is graphed for the visualization of
the correlation. Therefore, we conclude that although the air
quality could have an impact on the COVID-19 morality, there
remains some uncertainty.

At this stage, we were also interested in constructing a for-
mula to predict the mortality given the air quality index in a
state. According to the Gauss-Markov theorem, under certain
conditions, the ordinary least squares (OLS) is the best linear
estimator (BLUE) for the coefficients of a linear regression, with
the least variance”. The conditions are based on the following
assumptions:

1. Linearity
2. Independence
3. Homoscedasticity

4. No Perfect Multicollinearity
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Fig. 6 Heat map for the correlation between COVID-19 mortality
(RATE) and air quality index (AirQualityIndex)

Given the air quality index , the mortality u(¢) is predicted
linearly using OSL by the following formula,

p(ai) =Pai+C+eg

where
B ZHEHZ(N (a;) — Ba;—C)? =ngn28?
i=1

- 2 . 2
C= rrgnl; (1 (ar) = Bai—C)" =min }_ &
11(a) = 2.944q — 24.968

To verify that the OLS in this correlation is BLUE, we em-
ployed the following diagnostic tests to test for the conditions
above:

1. For linearity, we already assumed that the two variables
(mortality and air quality index) are in linear relationship.

2. For independence, we utilized the Durbin-Watson Test23,
If the Durbin-Watson Statistic is close to 2, the BLUE
condition is supported.

3. For Homoscedasticity, we utilized the Breusch-Pagan
Test2°. If the p-value is greater than 0.05, the BLUE condi-
tion is supported.

4. For No perfection multicollinearity, we utilized Variance
Inflation Factor (VIF)22, If the VIF is less than 3, the
BLUE condition is supported.

The results shown in Table 14 indicate that they support
the condition for OLS to be BLUE in this correlation (Durbin-
Watson Statistic close to 2, p-value > 0.05, and VIF < 5).

Table 14 Results for the diagnostic tests for OLS to be BLUE for
correlation between COVID-19 mortality and air quality index in 50
states

Tests Results
Durbin-Watson Durbin-Watson Statistic =
1.7423

p-value = 0.4951
VIF=1

Breusch-Pagan Test
VIF

The margin of error for this formula can be calculated as the
following where M.O.E is margin of error, z is the z-index, and
SE is the standard error,

2
M.OE =z x \/Z;r'l—l (.uobservedi — Mpredicted i)
T n—k

z: z-index is 1.96 assuming that it has 95% confidence interval.
Yobservedl - Observed value of the mortality for state i.

Ypredicted i - Predicted value of the mortality for state i.

n : number of states.

k : number of parameters which is 2 in this case.

By substituting the required values, we obtain the margin of
error M.O.E for the formula p(a) to be about +59.611. From
this observation, we conclude that although a linear prediction
of mortality can be established using the air quality index, there
remains some uncertainty to the formula because of the huge
margin of error.

5.2 Mean income

Another factor that can have an impact on the mortality of the
COVID-19 is the mean income by states. To examine the extent
to which the mean income can influences the death rate, we
retrieved the data of the mean annual income by state in 20211°
and the 2021 COVID-19 mortality by state''”. By definition, the
mean income is the total income of a state over the total popula-
tion of that state. The descriptive statistics shown in Table 15
show that the mean annual income for 50 states in 2021 ranged
from 68048 dollars to 124951 dollars, with a mean of 93757.30
dollars and a standard deviation of 14708.30 dollars. Although
the median (89764) is slightly less than the mean (93757.3),
according to the Central Limit Theorem, this distribution of
mean income in 50 states is considered normal because of its
large sample size (n = 50 > 30).

After that we perform a regression analysis by plotting a
graph seen in Figure 8. As observed in the graph, we noticed
that the COVID-19 mortality and the mean income by state have
a moderate negative correlation. This means that as the mean
income increases, the mortality tends to decrease. There are
about 17 states that fall within the 95% confidence interval band,
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Table 15 Descriptive Statistics for the mean annual income for 50 U.S.
states. in dollars, in 2021

Minimum | First Median Third Maximum | Mean Standard
Quar- Quartile Deviation
tile

68048 85213.25 | 89764 102609 124951 93757 14708.3

indicating that they are close to the correct estimate by the line
of best fit. The majority uncertainty appears to be in the states
with the mean income range from 80,000 to 100,000 dollars,
where they are scattered the most from the line of best fit. All the
trends above lead to the correlation coefficient of about -0.652,
which is considered a moderate negative correlation.

For the t-test, the p-value is approximately 2.97x10 —7 <
0.05, indicating that the correlation coefficient is statistically
significance. To verify that the calculated t-test is valid, we
performed the diagnostics tests found in subsection 5.1.

Table 16 Results for the diagnostics test for the t-test of the correlation
between COVID-19 mortality and mean income in 50 states.
Tests Results
Shapiro-Wilk Test p-value = 0.6505

Breusch-Pagan Test p-value = 0.8160

The results from Table 16 suggest that the t-test for the correla-
tion coefficient between COVID-19 mortality and mean income
is valid (Shapiro-Wilk Test p-value > 0.05 and Breusch-Pagan
Test p-value > 0.05).

The heatmap in Figure 7 is graphed to visualize the correla-
tion.
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Fig. 7 Heat map for the correlation between COVID-19 mortality
(RATE) and Mean income

Therefore, we conclude that the COVID-19 mortality in those
states can possibly be estimated by their mean income, partic-

ularly those having the mean income ranging from 70,000 to
80,000 and 100,000 to 120,000 dollars. At this stage, we were
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Fig. 8 Correlation between mean income and mortality

also interested in finding a formula that can be utilized to predict
the mortality of COVID-19 given the mean income in a state. By
employing a similar OLS estimator as in subsection 5.1, we get
the following equation. Given the mean income , the mortality
u(v) is predicted linearly by the following formula with slope
B, y-intercept C and error &,

n(vi)=Bvi+C+g
where

n n

B=min) (u(v)—Bvi—C)*=min) &

B i3 B =

n 5 n )

C:n}}n;(,u(vi)—ﬁvi—c) :méni;si
1(v) = —0.00150v +239.941

To test if this OLS is BLUE, we also employed the similar
diagnostic tests as in subsection 5.1.

The results shown in Table 17 indicate that that they support
the condition for OLS to be BLUE in this correlation (Durbin-
Watson Statistic close to 2, p-value > 0.05, and VIF <5). The
margin of error (M.O.E) of this formula is approximately £
50.852 using the similar method as in subsection 5.1. From this
observation, we conclude that the prediction of mortality based

14 | NHSJS 2025

©The National High School Journal of Science 2025



Table 17 Results for the diagnostic tests for OLS to be BLUE for
correlation between COVID-19 mortality and mean income in 50 states

Tests Results

Durbin-Watson Durbin-Watson Statistic = 2.3326

Breusch-Pagan Test
VIF

p-value = 0.8160
VIF =1

on the mean income is more accurate than that based on the air
quality index.

A heat map in Figure 9 for the correlation between mortality
rate, Mean Income, and Air Quality Index is also graphed to
visualize their correlations. Since the correlation between the
mortality rate and air quality index is insignificant (-0.16), it
shows that they are less likely to be confounding variables to
each other in predicting the mortality rate, which rules out the
potential for the omitted variable bias syndrome, reinforcing the
reliability of the above OSL models.

Correlation between Mortality Rate, Mean Income, and Air Qualit%(()lndex
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Fig. 9 Heat map for the correlation between COVID-19 mortality
(RATE), mean income, and air quality index (AirQualityIndex)

5.3 Case distribution

The last factor that correlates with the impact of COVID-19
is the diseases distribution among 50 states. To be specific,
a certain distribution would give rise to the most spread of
COVID-19. To corroborate what kind of distribution that is,
we utilized the eigenvalues and eigenvectors. When multiplied
by a Markov matrix, an eigenvector will be the vector that gets
stretched out without changing its direction, meaning it changes
its norms more than other vectors. This eigenvector, associated
with the largest eigenvalue, will be the population distribution
that changes its norm the most. In other words, it will give rise
to the most spread of COVID-19.

Given the Markov matrix for the transition rate of people in
50 states R, eigenvalue A, and eigen-vector ¥, we have

RV = AV

The eigenvectors in this case cannot be negative because the
number of COVID-19 cases is the quantity that can only be
greater than or equal to 0. To avoid any negative eigenvectors,
we changed them into 0, considering only positive ones. In
addition, since those eigenvectors are much smaller than 1 when
calculated, we decided to time them by 1000 to better see the
differences of cases within the distribution.

We called the COVID-19 case distribution that gives rise to
the most spread among 50 states the max spread distribution.
Let that be p; then the max spread distribution will be calculated
as the following

—  J1000%; V>0
Pn= 0 V_n> <0
When evaluating the function, we got a vector that holds the

max spread distribution that goes from Alabama to Wyoming,
in alphabetical order of states names.

402.7
0
74.45

p=

USA max spread distribution

Distribution

2000

1000

0

Fig. 10 The visualization of the USA max spread distribution

In order to better visualize the distribution, we plotted it on
the map of the USA (Figure 10).

Based on this map, we noticed that the distribution tends
to be clustered among the East Coast of the U.S with New
Jersey and Vermont as the most concentrated states. This pattern
reveals that as there are more COVID-19 cases in the East Coast
(concentrated in New Jersey and Vermont), it will lead to the
rapid spread of the disease. In order to prevent the disease
from spreading exaggeratedly, we suggest increasing healthcare
facilities in those states, which have high spread distribution as
seen in Figure 10.
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6 Discussion

6.1 Forecasting Models strengths

Based on the results from our model, we would like to evaluate
its strengths and weaknesses. Starting with the first strength, it
is noticeable that our model does not require past trend in the
number of cases. In other words, it does not need to be trained
the past data about the number of cases to predict future results.
The most crucial factors this model needs are just the state-to-
state transition matrix and the initial vector of cases in 50 states.
Another advantage we saw in our model is its ability to predict
future cases without the use of a plethora of variables. Aside
from the time needed to evaluate the function, our model only
requires the transition matrix, initial cases vector, the RO value,
and the time taken for a patient to recover and get reinfected,
and probability of recovery and reinfection from the disease.
Most of these variables can be readily found in several sources
and research.

To our knowledge, those reasons explain the relatively small
MAEs and MAPE:s of our forecasting model compared to those
of the ARIMA models, especially when forecasted for one week.
The ARIMA models relied on the past trend of the dataset with-
out considering the factors such as migration patterns, the RO
value, and the time taken for a patient to recover to recover, the
probability of recovering, the time taken to get reinfected, and
the probability of getting reinfected by COVID-19. A disadvan-
tage of time series forecasting models is that they are poor at
predicting turning points=". If there is a sudden change in the
number of cases, such as changing from increasing to decreas-
ing abruptly because of migration patterns, the ARIMA model
might not be able to accurately predict the near future number
of cases, because they are fitting the dataset with an increasing
trend. However, since our model considers the migration pat-
terns and only focuses on the current state, it can better predict
the near future number of cases from that current time.

Moreover, another disadvantage of the ARIMA models is
that they are sensitive to outliers, which lie outside the trend of
the dataset, resulting in large residuals®!. Consider Table 7 and
Table 8 about the descriptive statistics of the number of COVID-
19 cases by U.S. states from 01/22/2020 to 04/09/2020 and from
01/22/2020 to 04/16/2020, respectively. One of the methods
that can be used to test outliers is by using the Interquartile
range (IQR)*Z. The following equations calculate the lower
outlier boundary and upper outlier boundary for the dataset
from 01/22/2020 to 04/09/2020 (referred to Table 7).

lower outlier boundary y; = Q11 — 1.5IQR;

=011 —-1.5(03; - 01y)
—0-1.5(136—0)
=-204

upper outlier boundary; = Q3 + 1.5IQR;

=03, +1.5(03, —0l,)
=136+1.5(136 —0)
=340

Since the minimum value is 0, which is greater than the lower
outlier boundary, there are no lower outliers. However, since
the maximum value is 159937, which is greater than the upper
outlier boundary, there are upper outliers.

The following equations calculate the lower outlier boundary
and upper outlier boundary for the dataset from 01/22/2020 to
04/16/2020 (referred to Table 8).

lower outlier boundary y, = Q1 — 1.5IQ0R;

=Q1,—-1.5(Q3, - 0l»)
—0-1.5(344—0)
= -516

upper outlier boundary , = 03, + 1.5I0QR,

= 03,+1.5(03,-01,)
=344+ 1.5(344 —0)
=860

Since the minimum value is 0, which is greater than the lower
outlier boundary,, there are no lower outliers. However, since
the maximum value is 222284, which is greater than the upper
outlier boundary,, there are upper outliers.

These tests for outliers concluded that the dataset for the
number of COVID-19 cases by U.S. states from 01/22/2020
to 04/09/2020, and from 01/22/2020 to 04/16/2020, has out-
liers, which affected the accuracy of the predictions made by
the ARIMA and SARIMA models. Our forecasting model, in
contrast, is not affected by outliers because it does not consider
the past trend of the dataset, in terms of the number of infected
cases, but only the current number of cases.

6.2 Forecasting Models weaknesses

Despite such strengths, our model still holds several weaknesses.
We first acknowledge that our model predicts the number of
cases discretely. In other words, it does not consider the con-
tinuous characteristic of the disease. The reason why this is a
downside is because the number of cases changes every sec-
ond. Our model might not capture the short-term changes in the
number of cases due to its discrete nature. Our model is only
designed to estimate the data discretely every week, which can
be seen in the increase in the inaccuracy as the evaluated time
increases. Another disadvantage we observed in our model is
its preliminary assumptions. In order for the function to work
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without complexity, we assumed that several variables are held
constant. For example, the state-to-state transition matrix and
the time taken to recover from the disease are held constant
throughout the evaluation. In real life scenario, however, those
variables could change from time to time, and they also depend
on different groups of people, population density, public health
interventions, and regions, etc.

We also acknowledge that our choice for a weekly interval
will miss the important dynamic changes, such as changes in
public policies or short-term spikes in the number of infections.
Aside from those factors, it is worth noting that our model cannot
feasibly make frequent updates for the state-to-state migration
patterns because of the lack of a readily dataset for such pat-
terns daily, weekly, or monthly. For such reasons, our model
should not be regarded as optimal in forecasting the number of
COVID-19 cases in situations where migration patterns change
drastically, such as during the beginning or the end of lock-
downs.

Another drawback that we observed in our model is that it
requires the data to be normalized. Although our model is
resistant to outliers, it requires the dataset to be normalized
so that the evaluated MAE and MAPE will not be misleading
(discussed in section 4.4).

6.3 Limitations of prediction formulas for mortality

In subsections 5.1 and 5.2, we discussed the two factors that
correlate with COVID-19 mortality rate: air quality and mean
income. In examination of 50 U.S. states, we found a weak to
moderate positive correlation between mortality and air qual-
ity, measured by air quality index. In addition, we also found
a moderate negative correlation between mortality and mean
income. Although the formulas for predicting such relationships
are based on OLS, which is found to be BLUE, the margins of
errors for both equations are relatively high, = 59.611 and £+
50.852, respectively. For this reason, those two prediction for-
mulas should not be over-emphasized in terms of their accuracy.
Those formulas were to investigate the ability to predict the
COVID-19 mortality given the air quality and given the mean
income in a state.

6.4 Limitations of case distribution

In subsection 5.3, we discussed a method that predicts the case
distribution in 50 states that would result in the most spread of
the disease in terms of cases number. The method is based on
the idea of eigenvector and the Markov Matrix. In particular,
the eigenvector is the case distribution that gives rise to the
most disease spread, and the Markov matrix is the state-to-state
transition rates13 shown in subsection 3.4. We acknowledge that
the Markov Matrix for the state-to-state transition rates could
change from time to time. Therefore, it is worth noting that the

case distribution that gives rise to the most disease spread also
changes from time to time.

7 Conclusion

In this research paper, we investigated how COVID-19 cases
have changed in the USA in terms of hospital admissions, for-
mulated a model to predict the number of cases in 50 states,
and sought factors that correlate with the disease mortality and
spread. In order to achieve those goals, we examined the trend
in the COVID-19 hospital admissions change from August 8§,
2020, to March 9, 2024, utilized the idea of Markov Matrix for
the model, and employed linear regression and eigenvectors for
the factors correlated with the diseases impacts.

We first analyzed the brief overall change in the number of
hospital admissions of COVID-19 in the U.S. from August 8§,
2020, to March 9, 2024. In examining it, we observed a periodic
fluctuation of the number of cases over the studied time. To
be specific, January tends to hold the greatest number of cases,
while July tends to have the least. For deeper investigation, we
calculated the daily rate of change of the number of cases. We
noticed that the months preceding January had a decrease in
the number of cases, while those following January tended to
have an increase in that amount. In addition, we observed that
the relative maximum and minimum of such number tend to be
about three months apart.

Once having a scope for how COVID-19 has changed over
time, we were interested in creating a model to predict the
number of cases in 50 states. We constructed that model based
on the idea of a Markov Matrix, in which the transition matrix
was the rate of migration within the 50 states and the vector held
the initial number of cases in 50 states. From the estimation
of cumulative cases and recovery, we modeled a function that
predicts the number of cases in 50 states. After the validation,
we noticed that the model works best when evaluated in the
first two months. In comparison to the ARIMA(11,1,9) and
ARIMA(2,1,0), our model was proven to have less errors in
terms of MAEs, for original dataset, especially for one week
prediction. For normalized dataset, our model was proven to
have less errors in terms of MAPE:s.

At the last stage of the research paper, we were interested
in examining the three factors that are correlated with COVID-
19s mortality and spread: air quality, mean income, and cases
distribution. Through the use of linear regression method, we
observed that the air quality has a weak to moderate positive
correlation with the diseases mortality. While the mean income
negatively correlated with the diseases death rate. We then uti-
lized statistical methods to verify the two correlations accuracy
and to model a simple function that linearly predicts the COVID-
19s mortality based on the two factors. As for the relationship
between the cases distribution among 50 states and the spread
of the disease, we employed the idea of eigenvalues and eigen-
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vectors. The max spread distribution, which is the eigenvector
corresponding to the highest eigenvalues of the state-to-state
transition matrix, was chosen to represent the cases distribution
that could give rise to the highest spread of the disease. After
computing such distribution, we plotted it on the map of the
United States and found out that the disease will spread the most
rapidly when the cases tend to cluster around the East Coast of
the country.
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9 Appendix

All matrices and vectors are stored in Google Sheets and all codes are performed
using the programming language Python-3.

Refer to the  state-to-state = Markov ~ Matrix  using  this
link. https://docs.google.com/spreadsheets/d/
102PL62SKglaOSrtosxfnT33wflhvUITZGulgWd9r0Fs/
edit?usp=sharing

Refer to the vector for the number of COVID-19 cases of 50 states on April
1 2022 using this link. https://docs.google.com/spreadsheets/|
d/1xpYlr74jXfFNxKO-A63RZA8J4zg0OCMQC/edit 2usp=
sharing&ouid=112674581627271822389&rtpof=true&sd=
true

Refer to the vector for the max spread distribution using this link. https:
//docs.google.com/spreadsheets/d/1Pm50QP-rKoILOstQcW-
gwzTD06QLECBZS79DuLsVY7s/edit?usp=sharing

def F(t, R, P, R ©):

result = np.zeros_like(P, dtypesnp.float64d)
for j in range(t + 1):
result += np.linalg.matrix_power(R, t - j) @ (P * np.power(R O, t - j))
return result
F_result = F(t, R, P, R_8)
print(F_result)

Fig. 11 Code used to evaluate function F (t)

def G(t, R, P, RO, omega, F):

result = @
for j in range(t+1):
result += (F(j - 1, R, P, R_@) /omega)
return result
G_result = G(t, R, P, R_6, omega, F)
print(G_result)

Fig. 12 Code used to evaluate function G(t)

def M(t, R, P, R_O, omega, F, G):
result = F(t, R, P, R_®) - G(t, R, P, R_O, omega, F)
return result

M_result = M(t, R, P, R_®, omega, F, G)

print(M_result)

Fig. 13 Code used to evaluate function M(t)

Proof of biconditional for M(t) > OandF (t) > c¢(1+c¢)'~'P

We know

t
F(t) =Y B(R)P

i=n

(;{:)—i,:[@ﬂ—%’)]

=0

M(t) — F(t) — 6(1)

- Prove that F(t) = ¢35, F(j) if M(t) =0
Proof. Let ¢ — £(1 — %) then
Gt) — ‘“Z F(j—1)
=
Expand 7(t) we have,
Gt) —|F(-1)+ F(0) + F(1) + F(2) + ... + F(t — 1)]
Since we know F(t) — 0 if ¢t < 0 and F(0) — P, we rewrite (3(f) as
G(t) — [P+ F(1)+ F(2)+ ...+ F(t —1)] (i)
Consider the expanded form of the expression r:y:;;:, F(j),
c[F0)+ F{1)+ F(2)+ .. + F(t—1)] (i)

From (i) and (i), we have

-1

G(t) = e _F(j) (i)
=

Recall that M(t) — F(t) — G(t), so if M(t) = 0, then F(t) = G(t). From
(2i1) we have

F(t) =Y FG) Gv)

=0

b. Prove that for M(t) =0, F(t) = ¢(1 + )71 P,

Proof. We prove this inequality by induetion.

1. Base case: Let ¢ — 0. Because ¢ — 095 < 1, F{0) — Pz (1l +¢)7 1P
2. Induction hypothesis: We assume that F(k) = (1 4+ c)* 2P, for k < ¢
3. Induction step: We now show that for t + 1, F{t+ 1) = e[l +¢)'P

From the assumption of the induction hypothesis we have
eF(1) = A1+ e)”
cF(2) = A1 + o)
cF(3) = (14 e)?P

P
P

cF(t) =214 P
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https://docs.google.com/ spreadsheets/d/1Pm5OQP-rKoILOstQcW-gwzTD06QLEcBZS79DuLsVY7s/edit?usp=sharing

c. Prove that if M(#) < 0, then F(t) < (1l + )" 'P
Proof. We know that if M (t) < 0, then it must be the case that F(t) < G(f),
and from part a, we have

-1
Summing both sides we have Fit) < "’Z Fij) (v}
=
t '
cz F(j) = PAZ(I +e) P Now we will prove that if M{#) < 0, then F(t) < (14 ¢)* 1P by indnction.

1. Base case: Let £ — —1, we have F(—1) — 0 < (1 +¢)72P

' [ 2. Induction hypothesis: We assume that F(k) < {1+ ¢)" P for k<t
"ZF(J) = "AZ(I +ef P 3. Induction step: We now show that for ¢ + 1, F(t + 1) < o(1 +¢)*P
- - From the assumption of the induction hypothesis we have
t
e L[ 1= (1+e)t S[1—=(1+¢)! )
N e e eF(1) < (1 + P
! eF(2) < (1 4 &) P
. (1 +‘") —1 . : 2
"Z-‘*(JP"" P cF(3) < (14 )P

Simplify the right hand side we have .
Py s cF(t) < A1+ )P

t
CZ F(7) = e(l + )P — cP Summing both sides we have
i [ [
, Y P <) (1+ef P
CZ F(jl+eP = el +e)'P i=1 i=1
=1 t t
. Y FE <Y (1+ef'P
= f.'ZF(j] > (14 )P =1 =1
=0 t
o S 1 —{1+e)t S[1—(1+¢€)t
From (iv) we have "’ZP (7)< [4| (1) P—d > P
j=1 . B
i
F(t+1) 2 Y F(j) z (1 +0)'P "Z Flj) < {M} P
=0 [
This statement is true for £+ 1 and for ¢ — {0, s0 it must also be the case Simplifying the right hand side we have

that
F(t) 2 e(l+c) P CZL:FU} (14 Pep

it

CZFU] +eP < e(l+6)'P
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t
> f.'ZF{j} < efl +e)tpP

=0

From (v), we have

3
Flt+1) <cY_ F(j) < c(l +c)'P

=0

This statement is true for the base case £ + 1 and for £ — —1, then it must
also be the case that
F(t) < e(l +e)* P
d. Prove that M(t) =0 < F(t) 2 c(l +e)7'P.

Proof. Consider the statement M(t) < 0 — F(f) < e(l + )7 'P . We
have proven it true in part b. Then we have its contraposition

Fityze(l+e)"'P — M(t)=0

From part ¢, we also have
M{t) =0 — F(i) ze(l+ )P
Then we can conclude that

M(t) 20 <— F(t) 2e(l+e)7 1P

Code that tests for M(z) > 0. The result shows that up until
t =1000,M(r) > 0.

#iterate
count_false = ©
for t in range(1000):
# F(t)
Ft=F(t, R P, RO

vector = ¢ * (1 +¢) ** (t - 1) * P

# check if F(t) satisfies the inequality
is satisfied = np.all(F_t >= vector)
if not is_satisfied:
count_false += 1
print(t)
#print(f'For t = {t}, {is_satisfied}")
print(f'Number of times inequality is false: {count false}")

C:\Users\binhh\AppData\Local\Temp\ipykernel 21548\1155045293.py:13: RuntimeWarning: overflow encountered in matmul
result += R power @ R_0 power @ P # Correct order of operations

C:\Users\binhh\AppData\Local\Temp\ipykernel 21548\1155045293 .py:13: RuntimeWarning: overflow encountered in add
result += R power @ R 0 power @ P # Correct order of operations

C:\Users\binhh\AppData\Local\Temp\ipykernel 21548\1155045293 .py:16: RuntimeWarning: overflow encountered in power
R_0_power = np.diag(np.power(np.diag(R 8), j)) # Raise each diagonal entry to the power of j

Number of times inequality is false: 0
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