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The COVID-19 pandemic took the world by surprise and surpassed the expectations of epidemiologists, gov-
ernments, medical experts, and the scientific community as a whole. The majority of epidemiological models
failed to capture the non-linear trend of the susceptible compartment and were unable to model this pandemic
accurately. This study presents a variant of the well-known SEIRD model to account for social awareness mea-
sures, variable death rate, and the presence of asymptomatic infected individuals. The proposed SEAIRDQ model
accounts for the transition of individuals between the susceptible and social awareness compartments. We tested

our model against the reported cumulative infection and death data for different states in the US and observed
over 98.8% accuracy. Results of this study give new insights into the prevailing reproduction number and herd

immunity across the US.

1. Introduction

Modeling the spread of contagious diseases in a community where
the susceptible uninfected population is in contact with one or more
infected individuals has been the premise of numerous studies. While
several models have been developed over the past century to explain the
behavior of epidemic outbreaks through time-dependent mathematical
functions, most of these models are based on the concept of compart-
mental modeling. On February 11, 2020, the World Health Organization
identified SARS-CoV-2 as the virus responsible for the COVID-19
pandemic [40]. The bulk of the compartmental models, however, pre-
date the COVID-19 pandemic.

The set of extraordinary circumstances surrounding the current
pandemic set it apart from the previous outbreaks, such as the Spanish
Flu of 1918. One of the unusual behaviors of the COVID-19 pandemic
that renders most of the compartmental models ineffective is the
nonlinear nature of the number of susceptible individuals over time.
This nonlinearity can be attributed to the introduction of different de-
grees of social awareness measures at the federal and local levels (such
as social distancing, quarantine, school closure, stay at home, or com-
plete lockdown orders) that affect the transmission rates.

At the most basic level, a compartmental model is a set of ordinary
differential equations (ODEs) that divide the population into different
compartments such as Susceptible, Infected, and Removed (SIR) and
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move individuals from one compartment to the other. Over the years,
several models with additional compartments have been presented to
address different circumstances. While compartmental models predat-
ing the COVID-19 pandemic accounted for variability in the trans-
mission, they did not consider the transmission rates to be variable
themselves, nor did they account for the social awareness measures that
affect the number of susceptible individuals at any given time. Section 2
dives deeper into the discussion surrounding different forms of the
compartmental models.

The exponential transmission rate of the SARS-CoV-2 virus [2] plays
a critical role in undermining the existing epidemiological models [9].
Chatterjee et al. presented two functions for the transmission rate (5,)
that depend on the 7, the quarantine date in the timeline, to account for
the variability of the transmission rate over time due to the social
awareness measures. They used different exponential forms of f, to ac-
count for lowered interaction among the population, and consequently
reduced transmission rates [7]. Similarly, Fernandez et al. accounted for
aregion’s social and ethnic attributes by taking the density and essential
customs to determine the effectiveness of social awareness measures
[15].

Lingzhi et al. used a modified Susceptible, Exposed, Infected,
Recovered, and Deceased (SEIRD) model to account for hospitalized
individuals and the undetected cases, considering the quarantine effect
on hospitalization [25]. Their model differentiated between
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asymptomatic individuals who may recover (or conversely die) and the
symptomatic individuals hospitalized or quarantined who subsequently
recover or die. Furthermore [27], & [36] presented an age-based SIR
model with a focus on the hospitalized individuals. Moghadas et al.
defined compartments for infected individuals in the ICU and those
using ventilator units separately [27].

Volpatto et al. defined a new parameter w for quarantine. Their
model removes individuals from the susceptible, exposed, and infected
compartments, directly adding them to the recovered compartment
[34]. While this approach may help with the analysis and evaluating
different restrictive scenarios, it can also introduce errors in the time and
number of cases observed. In their model, quarantined individuals can
return to the susceptible compartment, but that is not the case for the
recovered individuals. The inclusion of a compartment for symptomatic
or asymptomatic individuals improves the modeling capability and
fluidity, specifically for this pandemic. Still, it is critical to remove the
hospitalized individuals from the symptomatic compartment [34],
instead of the asymptomatic compartment [21].

As seen here, new attempts at modeling the trend of this pandemic
are very diverse. Besides, matching the model outcome to real-world
observations is also widely varied between the models; for example
[15], only uses the death data as the matching parameter, not the
infected or positively tested cases.

The present study offers enhancements to the compartmental models
to follow the nonlinear trend of this pandemic, which has not been fully
captured by previous models [2]. The introduction of a social awareness
compartment (Q) has allowed us to address the susceptible compart-
ment’s fluctuations. Also, we introduce two nonlinear rates that define
the movement of individuals between S and Q compartments, which
allows for a more reliable determination of model parameters. These
fine-tuned parameters are used to evaluate the effects of Qo, Sy, and p on
the calculation of the basic reproduction number (Ry).

Section 2 presents an overview of the basic concepts of compart-
mental modeling, and its significant improvements over the years.
Section 3 delves into our new model and the mathematical definition of
Ry in our model. Section 5 presents the aggregated results of modeling
the spread of COVID-19 in the United States based on our new model.

2. Background

In a compartmental model, the population is considered constant and
divided into different groups or compartments. An individual can only
belong to one of these compartments and, after each step, transfer from
one to the other. The earliest iteration of a compartmental model was
presented by Bernoulli [3]. However, the landmark mathematical model
that shaped the field of epidemiology was introduced by Kermack and
McKendrick in 1927 [22], where the trend of an infectious disease was
explained through an ODE. Their first model considered three com-
partments of SIR:

ds pIS
> 2 1
dt N M
dl pIS

N e & 2
o N 7 @
dR

— =y 3
a7 3)

where N is the total population, S is the number of individuals in the
susceptible compartment, I is the number of infected individuals, and R
signifies the compartment of individuals removed from the susceptible
population (either due to death or recovery).  and 7, are the rates of
infection, and recovery respectively.

The SIR model’s downside is the lack of differentiation between in-
dividuals in the removed (R) compartment from the recovery or death
perspective. Kermack and McKendrick enhanced their model in 1932
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[23] to differentiate between the removal of infected individuals. Their
enhanced model considers two outcomes for the infected individuals
running the course of their recovery: the individual recovers from the
infection or the person passes away.

dl JA
B v “@
%’: ul 5

where y is the mortality rate.

More elaborate variations of these models differentiate between
Exposed (E) individuals who become infected and, upon completion of
the course of their sickness, either recover (R) or die (D). This expanded
class of compartmental models is usually referred to as the Susceptible,
Exposed, Infected, Recovered, and Deceased (SEIRD) model [8,38]:
s IS ppSD
dt~ N N ©)
dE_pB,SI  p,SD E

dt N N T @

where f; is the average rate of transmission from the exposed
compartment to the infected compartment, and f;, denotes the post-
mortem effect of infection, i.e., the transmission rate from a dead person
to susceptible individuals. Tg is the incubation period, defined as the
average time an individual may spend in the exposed compartment
before showing signs of infection.

In their model, Kermack and McKendrick [23] assumed that the
number of susceptible is not constant but is a function of time, and the
two main factors that cause its fluctuation are birth and immigration;
despite this, most of the SIR models presented over the past century take
the population constant, except for a decrease due to the death of the
infected individuals [7,12,13,15,20,27,34,37,42].

Depending on the contagious disease’s nature, if there is no immu-
nity after recovery, the surviving infected individuals will return to the
susceptible compartment. Models describing such behavior are referred
to as the SIS and do not consider any recovery compartment [41]. Other
SIR variations have studied the effect of vaccination in the compart-
mental model [6].

It is important to note that an epidemic may vanish over time, either
due to the lack of new susceptible individuals or diminishing infection
force where the cause of infection gradually loses its potency [22].
However, the critical question is to determine which one of the above is
at play and how to limit the spread of the infection.

2.1. The basic reproduction number Ry

In the discussed compartmental models, a certain threshold in pop-
ulation density needs to be met before the infection becomes an
epidemic in the community. Epidemics have a dynamic nature, where
recovery and death rates vary with time, and the community density can
shift to over/under the threshold value, making it prone to the epidemic
or safe against it, respectively [8,11,23].

To represent the demographic aspect of infection transmission, a
reproduction number, R, is considered. The basic reproduction number,
Ry, is defined as the number of susceptible individuals infected through
a single infected individual. It is one of the most critical variables
describing the spreading of infectious diseases. It is essential to note that
the value of Ry varies with the demographic; that is, Ry is unique to each
city, state, or country; As suggested by Ref. [2], this factor depends on
the course of infection and the social, behavioral features of the society.
As such, Ry can not be assumed to have the same value as the one
observed, or otherwise reported, in a different country. In other words, it
is not possible to simply adopt a value for Ry, as suggested by Ref. [4], or
use Ry values reported for China by Ref. [24] to model the spread of
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COVID-19 in Texas as done by Ref. [36].

While the reproduction number can differ from one demographic to
the other, it can also vary with time and denote the level of containment
of the epidemic; this is shown as R;, with an R, < 1 indicating control
over the outbreak, meaning it is no longer an epidemic.

Transmission and transition factors, defined by the ODEs that
constitute the compartmental model, also affect the reproduction
number. Ry is the dominant eigenvalue of the next generation matrix
(NGM) (— T=1) [11], where T denotes transmission or occurrence of
new infections, and X shows the effect of death or new infections in the
transition of the system [1].

Inclusion of genetic heterogeneity in epidemiological models is vital
in describing the behavior of epidemiological models [1]. In this theory,
it is assumed that the population is homogeneous, with the exception
that a fixed fraction of the population, 1 — f is of genotype A which is
more susceptible to infection than the remaining fraction of the popu-
lation, f with genotype B that is resilient against the infectious disease.
As Anderson points out, however, the lack of data and uncertainty in
available data makes it very difficult to incorporate the genotypes in
epidemiologic modeling. Readers are encouraged to refer to Ref. [1] for
a modification to the Ry to account for the differences in genotypes. The
ultimate success is achieved when the infectious disease is wholly
eradicated, i.e., when the force of infection tends to zero, [1]; one can
classify factors that affect the reproduction number as:

e Environmental and Societal Factors: These factors are dictated by the
unique characteristics of the society under study. They may include
population density in different age ranges, readiness and availability
of the healthcare system, natural death rate, and the number of in-
dividuals with severe preexisting medical conditions (e.g., lung dis-
ease, diabetes, cardiovascular diseases).

Nature of the Epidemic Disease: These factors originate from the
epidemic disease’s characteristics. They include the rate of
spreading, length of the recovery period, length of the infectiousness
period, postmortem transmission, and mortality rate.
Time-Dependent Factors: Seasonal and policy-based factors,
including the stay at home and quarantine policies, time of year,
weather conditions, and travel season.

3. Proposed model

We present a model that accounts for social awareness measures, or
their lack thereof, and asymptomatic infected individuals along with
enhancements to compartmental models to capture the nonlinear trends
of the COVID-19 epidemic curves that previous models did not fully
realize [2]. These changes make our model capable of handling fluctu-
ations in the susceptible compartment, allowing for more reliable model
parameters determination. The present study borrows recent publica-
tions’ best features for a concise quarantine and asymptomatic aware
SEIRD model. The Susceptible, Exposed, Asymptomatic, Infected,
Recovered, Deceased, and Quarantined (SEAIRDQ) model is presented
in Fig. 1.

While adding multiple compartments [13,21,25,27,34] can help in
proper allocation of available resources such as hospital beds or venti-
lators during this pandemic, the present study aims at developing a
generalized model that can be used in similar epidemic conditions; as
such, our model only uses the cumulative number of infected and dead
individuals, along with the total population, as its inputs.

We assume that the pandemic’s span is much shorter than the time
needed for significant changes in the overall population to occur or for
the natural ratio of death to birth to be affected. The social awareness
compartment, Q, is defined as the individuals who are not susceptible
(S), and will not be exposed (E) due to executive orders [21] that limit
social presence at indoor/outdoor events, schools, or workplaces, or
societal awareness factors including, but not limited to, the increased
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Fig. 1. The proposed compartmental SEARIDQ model. The social awareness
compartment, Q, contains individuals who are not susceptible (S), and will not
be exposed (E). Individuals in the exposed compartment will either become
asymptomatic infected (A), or symptomatic infected (I). The infected in-
dividuals (I or A) will subsequently either recover (R), or die (D, death
compartment).

personal hygiene, social distancing, or wearing masks. It should be noted
that our definition of the Q compartment is entirely different than the
definition of [25] where infected individuals are quarantined at home
after being positively tested.

The exposed compartment is subdivided into two sub-categories:

e Symptomatic infected individuals (1)
e Asymptomatic infected individuals (A)

Individuals in A do not have significant symptoms, are not tested
positive, and are not hospitalized. In this compartment, an infected
person may transmit the infection with a different rate 6 € [0, 1], to the
susceptible individuals since their symptoms (such as coughing or fever)
are not as pronounced as the symptomatic infected individuals. Addi-
tionally, the course of their infection may be over with a rate other than
the symptomatic individuals [21]. Equations (8)-(14) detail our model.

%sz(ﬂI+0A)wa+CQ+nR ®)
aQ

E_mS -¢0 (C)]
%:S(ﬂl-&-@A) —oE (10)
D= o1 = p)E— 141~ ~ afi an
di

EZUPE* vi(L=fi(O) — pifi (D1 12)
dR
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‘2—? =ufi()] + pyfal a4

Table 1 lists the parameters used in the current model. Parameters /8
and 6 are the infection rates in symptomatic and asymptomatic in-
dividuals, respectively. Similarly, (1 —f;(t))y; and (1 —fa)y, are the re-
covery rates of the symptomatic and asymptomatic individuals,
respectively, with y; and y, being the rate of moving individuals from I
and A to the recovered compartment, R. The time it takes for an infected
individual to recover is determined through Tz = 1/y. Additionally, f, is
taken to show what fraction of the asymptomatic individuals die and
what fraction recover (1 — f4).

The death rate, denoted by p, is not limited to the symptomatic
compartment (y;) only, as it can also occur in the asymptomatic
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Table 1
Modeling parameters used in the SEAIRDQ model and their respective
definitions.

Parameter  Description Reported Study
Value Value
B Infection rate of the symptomatic (le-8,2e-6) (0,0.5)
compartment
9 Infection rate of the asymptomatic (le-8,2e-6) (0,0.5)
compartment
fi Fraction of the deceased infected
individuals removed from I
fa Fraction of the deceased infected
individuals removed from A
71 Recovery rate in the symptomatic (1/14,1/21) (1/14,1/
compartment 21)
7a Recovery rate in the asymptomatic (1/14,1/21) (1/14,1/
compartment 21)
Trr Time that it takes for an infected
individual in I to recover
Tra Time that it takes for an infected
individual in A to recover
c Incubation rate (1/14,1/21) 1s6,1/
7.5)
Tk Time that it takes for an exposed
individual to show infection symptoms
p Fraction of the exposed individuals
ultimately becoming infected
@ Effect of moving individuals from S to Q
¢ Rate of leaving Q and becoming
susceptible again
n Rate of recovered individuals losing their

immunity and returning to S

compartment, denoted by u,. The vast improvements in medical
knowledge and collaborative technology have made it possible to share
the lessons learned in one country with other countries in no time;
sharing findings and experiences translated to saving several lives. As a
result, the death rate experienced in the early days of this pandemic was
not the same as those observed later. For example, the death rate of the
symptomatic individuals f; saw a considerable decrease, and taking it as
a constant is no longer a valid assumption. The denominator in Equation
(15) enables capturing different death rate trends in the symptomatic
compartment, fi(t), whether it is increasing, constant, or decreasing.

1

_ 15
dit+d, ( )

£i(0)

Parameter ¢ shows the incubation rate, and Tz = 1/6 shows the in-
cubation time, i.e., the number of days it takes for an exposed individual
to become infected. Parameter p signifies the fraction of exposed in-
dividuals that ultimately become infected (with p*E for the symptomatic
and (1 —p)+E for the asymptomatic compartments).

The w(t) shows the effect of moving individuals from S to Q, while
{(t) accounts for the rate of leaving Q and becoming susceptible again.
The w(t) and {(t) help in modeling the fluctuations of the susceptible
compartment as the result of government orders, public awareness, and
social distancing measures; in other words, w(t) shows the rate of
reduction in S at each time-step. Unlike [34], we will not remove these
individuals from S to add them to the recovered compartment (R), since
they were neither exposed nor infected, to become immune in the future;
instead, w(t) and {(t) are considered to be polynomial functions,
allowing the model to handle nonlinear behavior of the epidemic curve.

o(t)=c1f + e +est (16)

L(t) = cuf® + cst® + cot a7

In this model, 7 is considered the rate of recovered individuals losing
their immunity against the virus and returning to the susceptible
compartment. Parameter 5 can also be considered a factor that denotes
the emergence of a mutated (and possibly more aggressive) variation of
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the virus, against which recovered individuals have no immunity.
The basic reproduction number, Ry, is calculated based on the
dominant eigenvalue of the NGM [11]:

_ (1-p)o pp
Ro= (((1 P B (TR ATy +ﬁ<z)u,)> 0

As shown here, R, is dependent on g, which is governed by the
population density, and f;(t) which can be dictated by the health system
infrastructure, hygiene, and availability of proper care. This signifies the
uniqueness of Ry and emphasizes the need for calculating it for each
society, rather than borrowing it from one study area to another, as
confirmed by Ref. [2].

Correct determination of the basic reproduction number allows for
reliable calculation of another important epidemiological parameter,
the herd immunity threshold (I.). The I. represents the percentage of the
population that needs to be protected against the infection to achieve
herd immunity in the society [26], equation (19).

18

0

I = (171%>*100 19

4. Methodology

We conducted a comprehensive study of the COVID-19 pandemic at
the national and regional levels; however, the early days of COVID-19
suffered from inadequate testing and lag in processing/reporting posi-
tive cases [10]. Based on the Centers for Disease Control and Prevention
(CDQ), the first case of the novel coronavirus was introduced to the US in
Washington state on January 15, 2020, through travel from Wuhan,
China [5]. Subsequent cases of infection were identified in California
and Illinois on January 26 and January 31, respectively; however, for
about a month until February 29, no additional cases were reported in
other states across the US. Fig. 2 shows a timeline of the first reported
cases across the US.

During the early days of the COVID-19 pandemic, lack of appropriate
testing meant that several positive cases went undetected until much
later [29,31]. By the time more cases were identified in the US, different
states had some level of early testing methods available to them, and
detection of positive cases had become more reliable. As a result, a
granular look at the spread of the virus at the state level can result in a
more realistic determination of the basic reproduction number. Based on
this observation, and since the determination of the basic reproduction
number at the national level could introduce errors, authors used the
mean basic reproduction number at the state level as the representative
value for the US.

Initial conditions (ICs) play a critical role in the correct behavior of
the ODEs. To set the most realistic ICs for the model, differential evo-
lution was used on the first 60 days of the data (i.e., cumulative in-
fections and deaths) in each state. The trained model is then used to
estimate the correct ICs (Ag, S, Qo, and Ey). These initial values are then
used to perform a history match for the whole observation period and
further refine the match parameters. The resulting models and fine-
tuned parameters are later used to estimate the reproduction number,
R, for each of the 50 states.

4.1. Data selection

By assuming that all individuals have an equal chance of being
infected [22], we estimated the number of infected individuals and the
mortalities in all states in the US. The number of daily death and re-
ported confirmed infection cases were acquired at the county level for
each state from Ref. [32]. According to Ref. [33], the data are pulled
from the CDC, in addition to the state and local public health agencies.
This data was combined with county-level metrics (including each
county’s population) to get an adequate measure of the virus’s spread in
each state. Aggregated county-level values were later used to model
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Timeline of First Reported Positive Case By State
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Fig. 2. Timeline of first reported COVID-19 cases across the US. The large gap between early cases of COVID-19 reported in Washington and other states can be

attributed to the availability of CDC-approved tests in other states.
each state.

4.2. Model calibration

We adopted the approach of [34] for model calibration and to adjust
our model parameters. Since common parameters such as recovery rates
(y4 and ;) and the incubation period (¢) are well studied in the litera-
ture, we aimed to calibrate the parameters that are not readily available
in previous works (such as fa, y4, yi1, d1, and dp) or are unique to our
presented model. We also included variables that are more sensitive to
the output variable, i.e., 3, 6, and p. This study uses the cumulative
infected (C;) and Death (D) as the observed quantities and defines a
target output to fit these parameters.

4.3. Sensitivity analysis

To investigate how the model parameters sensitivity and some ICs
affect specific modeled variables corresponding to observed input data,
we used the Method of Morris (Elementary Effects method) [28] pre-
sented in the SALib library, an open-source Python library for sensitivity
analysis [19], after [34].

The original Elementary Effects (EE) method presents two sensitivity
measures for each input parameter: (i) the y, evaluating the overall
importance of an input parameter on the model output; (ii) the ¢ mea-
sure, defining non-linear effects and interactions. These two measures
are obtained through a design based on the construction of a series of
trajectories in the inputs’ space, where inputs are randomly moved one-
at-a-time while others remain fixed. The region of experimentation
omega is thus a k-dimensional p-level grid.

A specific parameter’s first order sensitivity coefficient reveals how it
is crucial to the target modeled variable. This study’s sensitivity analysis
evaluates all model parameters, Ey, Ag, Qo, and Ry to the target variable
Y which is calculated using 20.

Y=4/C; +D?

5. Results and discussion

(20)

Exercising governmental orders and social awareness measures in
different states has resulted in differences between initial and late
spreading trends observed in the US. To capture these variabilities, the

data were broken down at the inflection point intervals of approximately
three months. Approaches used here have resulted in nearly perfect
matches between the reported infections and deaths, versus the model
outcomes. Co-visualizing cumulative death and infection cases on the
same vertical axis can give false impressions about the match’s accuracy
for cumulative deaths. To avoid this problem, we present each one of the
cumulative death and infection cases on a separate axis. As an example,
Fig. 3 compares the output of the proposed model for cumulative in-
fections and deaths in Alabama versus those observed in this state.

5.1. Death rate

We can observe that the death rate exhibits a steady decline in most
states; the death rate function for the state of Alabama, for example, is
presented in Fig. 4. The decrease in death rate can be attributed to better
preparedness against the disease, which stems from understanding
effective measures to increase the survival rate, including therapeutics’
availability.

leb le3
=== Modeled Infected -7
- 3.0 4 === Recorded Infected
[} - 6
it
O 2.5 1
<& -5
S 2.0 - <
L4 2
g ‘e
= 1.5
T -3 A
o |
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a - 2
=]
0.5
© == Modeled Death [ 1
0.0 Recorded Death
. — 0

Fig. 3. Deterministic history matching for death and cumulative symptomatic
compartments in Alabama. The history match is performed for March 13, 2020
through December 22, 2020, with an accuracy of 98.83% for matching the cu-
mulative death, and 99.39% for matching the cumulative infections.
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Fig. 4. Evolution of the death rate over time in Alabama estimated by the
SEAIRDQ. A rolling average of 15 days window is applied. The death rate shows
minute gain following the third peak in late August.

5.2. Symptomatic or asymptomatic

According to the laboratory data presented by Ref. [18], the
asymptomatic individuals have a substantially greater number (up to 24
times) than estimated before, with the average SARS-CoV-2 positive
infections being ten times more than the reported cases. To examine
different theories surrounding the spread of the COVID-19 pandemic
and validate their likelihood, we modeled different proportions of
asymptomatic individuals, honoring both high and low ends of the
possibility spectrum. In all of these cases, we aim to match the reported
number of infections and deaths as accurately as possible. This is ach-
ieved through varying the death rates of I and A, as well as the size of the
symptomatic and asymptomatic compartments.

Combining equations (11) and (12) shows that the ratio of asymp-
tomatic to symptomatic compartments can be determined using p (the
fraction of exposed individuals that ultimately become infected):

Al @D
I p

Based on equation (21), the model is allowed to place 13 times more
individuals in the asymptomatic compartment compared to the symp-
tomatic compartment, as (p—0.07), paving the road to examine obser-
vations of [18]. A more conservative model with small sizes of the
asymptomatic compartment is achieved when (p > 0.5). It is observed,
however, that the average of p among all states is 0.749 (Table 2),
suggesting that the asymptomatic population is about one third (1/3) of
the symptomatic individuals. As an example, Fig. 5 shows a comparison
between symptomatic and asymptomatic individuals in the state of
Alabama.

It should be noted that models with high ratios of asymptomatic
patients are still possible for early portions of the data; however, such
models fail to match the extended history of the disease’s progression in
each state. As a result, the average one-third ratio of asymptomatic to
symptomatic infections observed in this study is due to the longer time
span covered by the present work, compared to the early days of the
pandemic where testing was not readily available; thus, observations of
[18] cannot be verified through our modeling.

5.3. Initial susceptible population

One of the most critical parameters affecting compartmental
modeling is the initial susceptible population, S,. What makes the
COVID-19 pandemic unique is the abundance of information and public
awareness about this virus. The first infections in many communities
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Table 2

The mean of SEAIRDQ modeling parameters after history
matching the trend of COVID-19 disease in all 50 states in
the US. The reported values reflect initial values that will
be used by the model for subsequent runs.

Parameter Average
Death Rate (I,—o) 0.0345
Death Rate (A) 3.74e-04
Recovery Rate (Ii—o) 0.0347
Recovery Rate (A) 0.058
Ro 12.6

I 90.0

7 0.0604
7a 0.0583
Ur 0.0949
Ha 0.0697
Qo 83.6
filt=0) 0.407

fa 5.29e-03
P 0.749

B 1.12e-05
0 1.12e-05
o 0.145

Tg 6.92

Tgr (days) 17.1

Tra (days) 17.7

Tpy (days) 13.9

Tpa (days) 15.3
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Fig. 5. The comparison between the symptomatic and asymptomatic infected
individuals in the state of Alabama. The Shelter In Place (SIP) order was placed
on April 3, 2020 and lifted on April 30, 2020. The 2" peak of infection, observed
in early June, is followed by a mask mandate in mid-June. A slow down is
observed until the 3¢ peak in late August, which coincides with the reopening
of schools.

were encountered while a significant portion of the population was
already on high alert and practiced self-isolation long before; thus, the
initial population of the Qq (social awareness and quarantine compart-
ment), which reflects non-susceptible individuals, is considerably high.

Precluding a reasonable Qy, i.e., Qo—0 results in Sy—N, where N is
the total population. It should be noted that the majority of the
compartmental models, except for [7,21], take Sy to be the same as N.
However, the ensemble results of our study show that the mean Qo in the
US is 83.6%. Forcing Qo to a small value, for example, O necessitates a
rapid increase in Q (for one day) for the model to match the trends of
cumulative symptomatic infections and deaths. Fig. 7 shows the
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Fig. 7. Modeled Q and S compartment for Alabama. Fluctuations in the number
of individuals in the social awareness compartment (Q) reflects instigation of
state-wide orders and individuals adhering to social awareness measures. These
fluctuations in Q result in alteration of the number of susceptible individuals (S)
over time.

evolution of Q and S compartments in the state of Alabama.

5.4. Initial basic reproduction number Ry

Table 2 shows the average observations made for the US. According
to Table 2, the average of Ry is determined to be 12.6, with the average
incubation time in the US estimated to be 6.92 days. As an example,
Fig. 8 shows the trend of reproduction number in the state of Alabama.
While an Ry of this magnitude can seem extremely high and raise many
questions regarding the validity of observations, it is noteworthy that Jia
[21] also reported the Ry in different ranges (e.g., 8.5 for inside and 12.7
for outside of Hubei), far greater than the 2.2 reported by Ref. [24].

An R, of 12.6 puts COVID-19 among the most contagious infections,
such as Mumps, Chickenpox, or Measles [17]. Fig. 6 shows a comparison
between the basic reproduction number of the current COVID-19
pandemic with previously contagious diseases. The average of herd
immunity for the aforementioned conditions in the US is found to be
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Fig. 8. Trend of the reproduction number (R) over time in the state of Alabama.
A decrease in R is observed as the Shelter In Place (SIP) order was instigated on
April 3, 2020 and lifted on April 30, 2020. R picks up again in early June
following the 2" peak in the state. The Mask mandate of mid-June slowed
down the spread and R. The reproduction number picked up again following the
3 of late August.

90.0%.
5.5. Model calibration and sensitivity analysis

The first order sensitivity coefficient results suggest that un-
certainties on Qp and § can induce significant changes in the early
epidemic trend during executive orders. However, the impact of such
uncertainties decreases as the epidemic evolves, indicating that other
parameters such as Ay, p, and ¢ have more influence in the long term.
The most important parameter is the Qo, and its impact decreases after
the relaxing some executive orders. (Fig. 10).

5.6. Forecasting

Governmental decisions, the general population’s response, and
mass vaccination scenarios will result in different epidemic trends.
Several studies have aimed to predict the number of deaths and
confirmed cases related to COVID-19 [7,14,21,27,34,35,39], along with
a possible end date for the pandemic or transition into an endemic [30].

165 SEAIRDQ Prediction - AL
Modeled Infected
3 - — Modeled Asymptomatic
’4 —— Modeled Deaths
< —— Diagnosed peak
o 2 = » Recorded deaths
T
S
S
2
< 1 =
S|
0 - /= =
I | | I I I I |
» 00 O QA 0 P
SN LB AN S R i

Date

Fig. 9. Probabilistic SEAIRDQ forecast of the COVID-19 pandemic in the state
of Alabama through July 2021. It is anticipated that the significant wave of
infections in the state will start towards the end of April 2021.
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Fig. 10. First-order sensitivity coefficient of all model parameters over time for Alabama.

Our proposed model can use the parameters extracted from the most
recent 90 days of data to forecast the future. While such modeling and
forecasting approaches are needed, our goal was to introduce a model
capable of handling the non-linear trend and dissect its fundamental
behavior (such as basic and effective reproduction numbers) through
accurate history matching. Examining different societal scenarios and
vaccine effectiveness requires another dedicated study and falls outside
the scope of the present work.

Table 3 shows a detailed comparison between estimated modeling
results and the recorded cases for the state of Alabama from March 13,
2020, through December 22, 2020. As demonstrated in Table 3, and
Fig. 3, the present model has an accuracy of more than 98.8% for
matching death and over 99.3% for cumulative infections. To examine
the outcome of this model for the state of Alabama, the most recent
recorded confirmed cases available as of this writing were acquired, and
a forecasting period of 200 days was selected. We used the fitting pa-
rameters from the third portion of the data (September 1, 2020 through
December 22, 2020) for this forecasting. Fig. 9 shows the forecast of the
pandemic in Alabama until July 2021. Assuming that the current trends
continue onward, it is anticipated that the next major wave of the dis-
ease in the state of Alabama will hit towards the end of April, with
magnitudes far more significant than what the state has already seen.

6. Conclusion

This paper presented a new compartmental model capable of
capturing the non-linear behavior of the COVID-19 pandemic while
accounting for asymptomatic infected individuals. Fluctuations in the
susceptible individuals (S), due to social awareness and governmental
orders, were modeled through the introduction of a social awareness
compartment (Q), where a set of polynomial functions controlled the
movement of individuals between S and Q. The present study fitted the

Table 3
Comparison between the recorded cases, and the outcome of the SEAIRDQ
model for the state of Alabama through December 22, 2020.

Parameter Value
Total population 4,903,185
Deaths (Recorded) 4452
Deaths (Estimated - SEAIRDQ) 4400
Estimated Death Accuracy 98.83%
Estimated Death Percentage of the Population (SEAIRDQ) 0.090%
Confirmed cases 329,811
Confirmed cases (Estimated - SEAIRDQ) 331,808
Estimated Confirmed Cases Accuracy 99.39%
Estimated Infected Percentage of the Population (SEAIRDQ)  6.767%

First Week of Jun
Last Week of August

Estimated Starting Date of the Second Peak
Estimated Starting Date of Third Peak

observed cumulative infected individuals and cumulative deaths re-
ported in each state with an accuracy of 98.83% for matching the cu-
mulative deaths and 99.39% for matching the cumulative infections. We
presented an ensemble of results for the spread of the virus in the US,
along with detailed results for Alabama. While minute fluctuations were
observed over time, we found the average ratio of asymptomatic infec-
ted individuals to be about one-third of the symptomatic infected in-
dividuals. We also found the average reproduction number of COVID-19
to be 12.6 across the US, putting this virus among the most contagious
infections, such as Mumps and Measles. Additionally, the average herd
immunity in the US was estimated to be 90%. The presented method-
ology, along with its results and observations can pave the road to better
evaluation of different strategies at the federal and state levels.
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