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ARTICLE INFO ABSTRACT
Dataset link: https:// Compartmental models have emerged as robust computational frameworks and have yielded
github.com/CSSEGISandData/COVID-19 remarkable success in the fight against COVID-19. This study proposes a vaccination-based

compartmental model for COVID-19 transmission dynamics. The model reflects the specific
stages of COVID-19 infection and integrates a vaccination strategy, allowing for a comprehensive
analysis of how vaccination rates influence the disease spread. We fit this model to daily

Dataset link: https://
github.com/touria2000/COV19Sim

Keywords: confirmed COVID-19 cases in Tennessee, United States of America (USA), from June 4 to
Epidemic models November 26, 2021, in a Bayesian inference approach using the Hamiltonian Monte Carlo
COVID-19 (HMC) algorithm. First, excluding vaccination dynamics from the model, we estimated key

Vaccination
Bayesian inference
Hamiltonian Monte Carlo

epidemiological parameters like infection, recovery, and disease-induced death rates. This analysis
yielded a basic reproduction number (R) of 1.5. Second, we incorporated vaccination dynamics
and estimated the vaccination rate for three vaccines: 0.0051 per day for both Pfizer and Moderna
and 0.0059 per day for Janssen. The fitted curves show reductions in the epidemic peak for all
three vaccines. Pfizer and Moderna vaccines bring the peak down from 8,029 infected cases to
5,616 infected cases, while the Janssen vaccine reduces it, to 6,493 infected cases. Simulations of
the model by varying the vaccination rate and vaccine efficacy were performed. A highly effective
vaccine (95% efficacy) with a daily vaccination rate of 0.006 halved COVID-19 infections, reducing
cases from 8,029 to around 4,000. The results also show that the model’s prediction accuracy for
new observations improves with the number of observed data used to train the model.

Prediction

1. Introduction

Approximately four years after its first identification in Wuhan, China in late December 2019 [1], COVID-19 remains an ongoing
global crisis affecting different sectors of society. Although the incidence of COVID-19 is decreasing, there is still the threat of emerging
new waves [2], especially with the parallel spread of several strains of COVID-19 [3]. Therefore, continuing to combat the disease that
has caused 6,972,152 deaths and 771,407,825 confirmed cases worldwide as of October 19, 2023 [4], is crucial to prevent further
loss of life and mitigate the impact of the current pandemic.

Compartmental models have emerged as a robust computational framework and have demonstrated remarkable success in the fight
against COVID-19 disease. These models have been used to understand the dynamics of COVID-19 [5-7], assess intervention strategies
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[8-10], predict disease outcomes [11-13], estimate resource needs [14-16], evaluate vaccine impact [17-19], allow data analysis
and surveillance [20-22], and scenario planning [19,23,24]. Despite their particularities, most of these models have adopted the
Susceptible-Infected-Recovered (SIR) [25] and Susceptible Exposed Infectious Recovered (SEIR) [26] frameworks as their foundation,
expanding upon them through integrating additional compartments.

In the context of enhancing the understanding of COVID-19 dynamics, various approaches have been explored. For instance, a
fractional-order compartmental model incorporating asymptomatic and hospitalized populations has improved accuracy in captur-
ing the disease’s dynamics [27]. Another significant contribution to the field is a model that considers both human-to-human and
environment-to-human transmission, underlining the environment’s critical role in virus spread [28]. The interaction between SARS-
CoV-2 and other infections, such as HBV, has been explored using a co-dynamical model, emphasizing the importance of time-variant
controls in mitigating dual infections [29].

Understanding the impact of control measures on COVID-19 transmission is crucial for effective outbreak management. A study
demonstrated the effectiveness of various control measures in preventing disease transmission [30]. Additionally, models focusing
on COVID-19 dynamics in the presence of comorbidities, like diabetes mellitus, have been developed to identify optimal control
strategies for disease prevention [31]. Innovative approaches have also been applied to specific regions, such as Hermosillo, Mexico,
where population movement patterns and local demographics were incorporated into a model using the HMC algorithm to address
parameter estimation challenges [32].

Modeling studies have extensively investigated the impact of vaccination on controlling COVID-19 outbreaks, especially focusing
on developing optimal vaccination strategies. Kiem et al. [24] examined vaccine prioritization and the relaxation of control measures,
stressing the importance of targeting at-risk populations to reduce morbidity and mortality, and pointed out that very high vaccination
coverage may be required to relax control measures. Additionally, an analysis in [33] assessed multiple vaccination policies using
different vaccines, achieving significant reductions in severe COVID-19 cases through diverse approaches.

Research by [17] developed policies based on varying vaccine efficacies and immunity periods to minimize the disease burden
and maintain hospital occupancy below critical levels. Similarly, a dynamic model projected the epidemic trajectory of COVID-19 in
major US states under different vaccine effectiveness and social distancing scenarios, underscoring the need for high vaccine coverage
and continued non-pharmaceutical interventions (NPIs) to suppress the epidemic [19].

Herd immunity is identified as fundamental in informing the required immunization coverage to control disease spread and
protect the population effectively [34]. In their study, [18] assessed the impact of an imperfect vaccine on transmission dynamics of
COVID-19 in the US, highlighting that combining vaccination with interventions such as face masks and social distancing is crucial
for achieving herd immunity. Likewise, the study in [35] focused on achieving herd immunity under limited and full vaccine supply
scenarios, indicating that mass vaccination, efficient post-exposure prophylaxis, and rapid distribution are essential for effective
outbreak control.

Further studies have explored the evolution of the COVID-19 pandemic through multiple waves, the emergence of new variant
strains, and the impact of vaccination efforts. Study [3] described the progression through three distinct waves, noting variations in
disease severity, symptoms, and public attitudes, and emphasized the challenges posed by highly transmissible variants like Delta and
Omicron, raising concerns about vaccine efficacy and the potential need for annual vaccinations. Parolini et al. [36] also highlighted
the impact of vaccination campaigns and the dominance of new virus variants in shaping the dynamics of the COVID-19 pandemic
in Italy, offering insights into effective control strategies.

In building epidemic models, the values of the parameters play a determining role in the reliability of the results provided by
the model. Thus, the numerical technique for inferring model parameters from infectious disease count data is essential and must
be chosen carefully to formulate a mathematical model usable in practice. In this context, Bayesian statistical inference [37] has
received increasing attention from the scientific community because of its capability to accurately estimate numerous parameters,
even though they are highly correlated.

Over recent years, the Hamiltonian Monte Carlo (HMC) algorithm [38], a robust Markov Chain Monte Carlo (MCMC) method,
has proven efficient in searching high-dimensional parameter spaces [39]. This method has become a vital tool for fitting epidemic
models, addressing challenges in parameter estimation and uncertainty quantification [10,21,32,39,40]. During the 2020 COVID-19
outbreak in Hermosillo, Mexico, HMC was leveraged in a multi-patch epidemic model to tackle these challenges effectively [32].
Similarly, Iyaniwura et al. [40] employed HMC to fit an age-structured model to COVID-19 data in British Columbia, demonstrating
the utility of time-varying contact rates for precise analysis of transmission dynamics.

Furthermore, HMC has been applied in innovative ways to enhance the accuracy of epidemiological parameter estimation. One
study used HMC to estimate delay distributions in COVID-19 surveillance data, highlighting the necessity of high-resolution data
[21]. Another study integrated HMC within a semiparametric framework using the rstan package in R to model COVID-19, resulting
in accurate short-term forecasts for healthcare indicators in Slovenia [10].

Efforts in this field also include the development of tutorials and methodological enhancements to support the effective use
of HMC in epidemic modeling. A comprehensive tutorial provides an in-depth guide on building, fitting, and diagnosing disease
transmission models in Stan, underscoring Bayesian modeling’s strength in quantifying uncertainty and incorporating prior knowledge
[41]. Moreover, a detailed investigation into the application of HMC within Stan software emphasized the trade-off between statistical
efficiency and computational speed when fitting epidemic models to real outbreak data [42].

In this study, we propose a vaccination-based compartmental model to capture, analyze, and predict the transmission of COVID-19.
The model reflects individuals’ specific stages of COVID-19 infection and presents a vaccination strategy, allowing for a comprehensive
analysis of how vaccination rates influence the disease spread. To estimate key epidemiological parameters including infection rates
and R, we fit our model to COVID-19 incidence data for Tennessee, USA, using a Bayesian inference approach with the HMC
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Fig. 1. Schematic illustration of the proposed epidemic model. The total population is partitioned into nine classes: Susceptible .S, Exposed E, Symptomatic Infectious
I, Asymptomatic Infectious 7, Quarantined /), Hospitalized I, Recovered R, Deceased D, and Vaccinated V. The four classes I, I, I, and I; contribute to
COVID-19 infection.

algorithm. Our model involves estimating vaccination rates for Pfizer, Moderna, and Janssen vaccines. It analyzes how vaccination
impacts and potentially controls COVID-19 incidence. Furthermore, the model’s predictive ability for unseen data (new observations)
increases with the amount of training data (observed days).

Our paper is structured as follows. Section 2 provides the groundwork by formulating an epidemiological model. We then present
the COVID-19 data used in our analysis (Section 3). Next, Section 4 delves into the model by deriving the basic reproduction number
(Ry). Section 5 outlines the Bayesian inference approach, which allows us to estimate unknown model parameters and generate
predictions. Section 6 details the calibration process using COVID-19 data and subsequent evaluation of its predictive capabilities.
Finally, Section 7 summarizes key findings and future directions of our research.

2. Model formulation

To conceive a relatively basic epidemiological model for capturing the dynamics of COVID-19 in a human community, we par-
titioned the overall size of the population of interest at a given time t defined by N(t) into nine classes or compartments. Based
on the infection state of individuals, these classes are: Susceptible .S(¢), Exposed E(¢), Symptomatic Infectious I¢(t), Asymptomatic
Infectious 1,(¢), Quarantined I (t), Hospitalized I (¢), Recovered R(7), Deceased D(f), and Vaccinated V' (¢). The diagram in Fig. 1
provides a schematic representation of how individuals transition between different classes.

The infection process for COVID-19 is as follows: At the beginning of the outbreak, all individuals are assumed to be equally
susceptible, and they contract the virus upon contact with an asymptomatic, symptomatic, quarantined, or hospitalized individual.
The transmission coefficients were B4 1 ,(t), fsI5(), mgBsly(t), and my fsIy(1). B4 and B indicate the rates of asymptomatic and
symptomatic infections, respectively. m, and my represent the reduction factors of infectivity by a quarantined and hospitalized
individual, compared with the symptomatic infectious class, and are constrained by 0 < my <1 and 0 < my < 1. Individuals infected
with the SARS-CoV-2 virus typically experience a time delay before the onset of symptoms. This time delay, referred to as the
incubation period [43], has an average duration ranging between 5 and 5.2 days, as reported in [43-45]. During this period (i), we
assume that exposed individuals cannot transmit the disease to others. At the end of the incubation period, a fraction p of the exposed
individuals displayed no clinical symptoms and transitioned to the I, class. The remaining fraction (1 — p) develops clinical signs of
COVID-19 and moves to the I g class. Asymptomatic carriers, a major factor in COVID-19 transmission dynamics [46—48], exhibit viral
loads similar to symptomatic individuals [49]. Compartment I, in our model represents these asymptomatic infectious individuals
who go unreported by authorities. They naturally recover from the illness at a rate of y,. Class I ¢ encompasses symptomatic infectious
individuals diagnosed and officially reported by the authorities. Diagnosed cases of COVID-19 may be admitted to the hospital (moved
to class I ) for treatment and isolation, enter home quarantine (moved to class IQ) to avoid contact with others, naturally recover
from the disease, or, unfortunately, die from it. Intra-hospital transmission of COVID-19 from patients to visitors or healthcare workers
is a critical issue in the COVID-19 outbreak owing to imperfect isolation. Thus, we assumed that hospitalized patients are isolated and
treated but can still transmit the disease to others, with a reduction factor of infectivity my . They recovered from COVID-19 at a rate
of yy; or suffered disease-related mortality at a rate of 6 ;. Infectious individuals quarantined at home can still spread the disease with
a reduction factor of infectivity mg. These individuals are monitored, and if their disease condition progresses, they are promptly
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Table 1
Meanings of the parameters in the epidemic model.

Parameter  Interpretation

N Population size

Ps Rate of infection from symptomatic to susceptible people
Ba Rate of infection from asymptomatic to susceptible people
a Incubation rate

p Proportion of asymptomatic individuals

Vs Recovery rate for symptomatic individuals

Y4 Recovery rate for asymptomatic individuals

Yy Recovery rate for hospitalized individuals

Yo Recovery rate for quarantined individuals

og Rate of transition from symptomatic to hospitalized class
) Rate of transition from quarantined to hospitalized class
n Rate of transition from symptomatic to quarantined class
by Disease-induced death rate due to symptomatic class

3o Disease-induced death rate due to quarantined class

Sy Disease-induced death rate due to hospitalized class

wp Rate of waning immunity among recovered individuals
wy Rate of waning immunity among vaccinated individuals
0y, Vaccination rate

&y Vaccine efficacy

hospitalized at the rate of . They recovered from COVID-19 and died because of it at the rates of y, and 6y, respectively. A report
suggests that natural immunity to SARS-CoV-2 may decline over time [50], increasing the risk of reinfection. Consequently, recovered
individuals might experience waning immunity and return to a susceptible state at a rate of wp. Compartment D incorporates those
who have died from the disease. Because the simulation was limited to a short period, the model did not include the potential effects

of births and natural deaths on disease transmission.
When formulating the vaccination strategy, the following assumptions are taken into account:

The only variant under consideration is COVID-19.

The vaccine is only administered to the susceptible population.

Given the vaccine’s profile, an individual eligible for vaccination is expected to get one or two doses.

Only susceptible individuals exhibit the effects of the vaccine.

The COVID-19 vaccine is administered to the susceptible population at a rate of ).

The vaccine’s efficacy, denoted by &, is assumed to be imperfect, where 0 < &, < 1.

The likelihood of vaccinated individuals being infected with COVID-19 is possible, with a probability of (1 —&),).
Vaccinated individuals will experience a reduction in immunity at a rate of @y, .

The immunity acquired through vaccination is identical to that achieved through natural infection (@) = wg).

Table 1 summarizes the interpretations of the epidemiological parameters applied in the model. The system of ordinary differential

equations (ODEs) that controls the dynamics of the disease is expressed by Equation (1)

8O g (1) + 0y V(1) — (A+6,)S(0),

O = 48(1) + (1 - &,)AV (1) — aE@),

a0 = paE(r) = y 41 4(0),

Y5O = (1 - paE(t) - (35 + 05 +75 +mIg(0).

P00 — y15t)~ (59 + 00 + 7)o (0.

0 = 65150+ 0010 = B + 1) 5 (0,

% =yl s +ysIs®) +yolo®) + vy () — wrR(O),
% =05Is()+plpt)+ oy 1y(),

? =0, S() — (wy +(1 = &EHDV (1),

where 4 refers to the force driving infection among susceptible individuals, as defined in Equation (2):
= Bala®) + BsIs®) +myPslp(t)+myPsly(t)
B N () ’

and N(t), representing the total population at time t, is given in Equation (3) by:
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NO=SO+E®+ 1,0+ I+ Ip(0)+ I5@)+ R+ DE)+ V(). 3)
2.1. Non-negativity and boundedness of the solutions

We assume the model described by Equation (1) starts with the given initial conditions (S(0), E(0), 1 4(0), I 5(0), 15(0), I 1 (0), R(0),
D(0),V(0)) R‘i, where Ri ={(X},....X9)| X; >20,i=1,...,9} denotes the non-negative cone of R®. We demonstrate that all
solutions to model (1) remain within the non-negative orthant Ri, starting from any point within this region [51].

Theorem 1. The model system (1) is bounded in the region Ri.
Proof. See Appendix A. []

3. Data

This study used state-level time series for daily confirmed COVID-19 cases data publicly accessible via the repository [52] main-
tained by the Center for Systems Science and Engineering (CSSE) at Johns Hopkins University (JHU). Tennessee State in the USA is
chosen as a case study, with its total population estimated at 6,910,840 inhabitants based on the 2020 US Decennial Census data [53].
The model was parameterized on these data over six months, from June 4 to November 26, 2021, with Tennessee’s total population
size being the key parameter N of the model.

4. Basic reproduction number

The basic reproduction number, R, serves as a fundamental epidemiological metric representing the expected number of sec-
ondary infections generated by a single infected individual during the infection period in a population entirely susceptible to the
disease [54]. R, determines whether a pathogen can persist within a population. If R, is greater than one, it indicates that each
infectious individual, on average, is infecting more than one other individual, which suggests that the disease has the potential to
spread in the population. Conversely, if R is less than one, it means that each infected individual, on average, is infecting less than
one other individual, indicating that the disease is likely to die out in the population [55]. In the computation of R, we excluded
vaccination dynamics from our model (Equation (1)), as R, represents a scenario of complete susceptibility to the disease, assum-
ing no immunity exists in the population [34,56]. The Disease-Free Equilibrium (DFE) state, X, = (SO,EO,IS, 12, Ig, I Z, RO, DO),
is obtained by setting the right-hand sides of the equations in the system (1) to zero. When no disease is present in the population
Up=Ig=Ip=1yg=0), the system leads to the DFE state, as detailed in Equation (4):

X, =(N(0),0,0,0,0,0,0,0), 4

where N (0) is the initial total population size.

The analytical expression of R, is determined using the next-generation matrix method, following the notation of Van den Driess-
che and Watmough in [55]. Let X = (E,I4, 1 s: 1o, 1 H)T be the vector of infected compartments. Then, for each compartment i
representing infected individuals, the dynamics are given by Equation (5):

X, =Fi(X) - Vi(X), 5)

where F; represents the rate at which new infections arise in compartment i and V; is the rate at which individuals enter or leave
infected compartments by all other means. From system (1), we derive 7 and V, such that ¥ = (Fy, ... ,PS)T and V=V, ... ,VS)T,
respectively, as

I I I I
(ﬂAWA +ﬂsﬁs +mQﬁSWQ +mHﬁSWH)S
0
FX)= 0 ,
0
0
and,
aE
Yalpy—paE
V(X)=|(6s+05+ys+mls—(1—plk|.
(6Q+6Q+yQ)IQ—;1]S
(5H+yH)IH—0'SIS—0'QIQ

The Jacobians F and V of F and V evaluated at the DFE are defined such that
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oF; _ v . .. :
F= I:()T:I 5 V= I:W:I ) with 1 < i,j < 5. That 1s,
X=X, X=X,

0 By Bs mQﬂS my fs
0 0 O 0 0
F=|0 0 O 0 0 R
0o 0 O 0 0
0 0 O 0 0
and,
a 0 0 0 0
—pa YA 0 0 0
V=[-(1-pa 0 ¢ 0 01,
0 0 -n & O
O 0 —0O0g —UQ €3

where e; =05 +0g+ys+n,e,=0p+0g+ygand e3=6y +ry.
The basic reproduction number R, is determined as the spectral radius of the next-generation matrix FV ~!, as defined in Equation

(6):

Ry=p(FVh. (6)

By performing a straightforward calculation, we find that

1 0 0 0 0
5 1
£ — 0 0 0
YA YA
-1 Iz 0 L 0 o0
Vo= €] €] ’
(d=pn n 1 0
E1€2 E182 £2
(1-p)(oger+n00) 0 o5€r+N0Q oo 1
E1€2€3 E1€2€3 £2€3 €3
and,
by by bi3 by bys
0 0 0 0 0
Fv-'=lo o 0o o0 o[
0 0 0 0 0
0 0 0 0 0
where,
b = % + (1-p)Bs + (1 = pynmgBs + (1= p)osey, +nog)my Bs
1n= )
YA €] €18 £16283
Ba
by =—,
YA
bon = Bs N nmoPs N (o5€y +n0g)my fs
b €] £1&2 £162€3 '
b = mQﬂS N mHﬁSO'Q
1 3] €263
my P
bis = 5

Solving Equation (6) gives Equation (7)

PPa + (1=p)fs + (' =pimgPs + <(1 —p)og + (I- P)’7‘7Q> mHﬂS. %)
7a €] €163 €1 €182 ]

The Basic reproduction number depicted in Equation (7) can be expressed as the sum of the reproduction numbers associated
with each infected compartment: R; , R, R, 0’ and Ry, . The reproduction number R;  is the product of the proportion of exposed
individuals that transition to the asymptomatic class (p), the infection rate of the asymptomatic individuals (f,), and the average
duration of infection in the asymptomatic individuals (i) Similarly, the reproduction number R;_ is the product of the fraction
of exposed people who survived the incubation time and transitioned to the symptomatic class (1 — p), the infection rate of the
symptomatic individuals (fg), and the average duration of infection in the symptomatic clinical status ( i ) The reproduction number

Ry=

6
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, the rate at

R;_ is derived as the product of the proportion of symptomatic individuals that move to the quarantined class (M)
Ip €]

which quarantined individuals transmit the disease (mgfyg), and the average infectious period of the quarantined category (El)
2
Finally, the reproduction number Ry, is given by the sum of the proportions of symptomatic and quarantined individuals who move
- - 1- - . T - .
to the hospitalized class ((lgﬂ + %) multiplied by the rate at which hospitalized individuals transmit the disease (mgfg)
1 182

and the average infectious period of the hospitalized people (EL)
3

5. Parameter estimation and predictions

This section addresses a procedure to estimate unknown epidemiological parameters in the ODEs system (1) from COVID-19
incidence data and generate predictions in a Bayesian inference approach.

5.1. Inference method

We are interested in estimating infection rates fg and f,, recovery rates yg, ¥4, vy, and v, disease-induced death rates &,
30> and 6, and transition rates og, 00> and #. Therefore, given the vector ® = (fg, B4, ¥s> Y4> YH> Y0s Ss> 00> Ops Oss Ogs M)
of unknown parameters, the first step is to define for these parameters prior distributions that capture our prior beliefs about them
before observing any data. Then, given the observed data y°** = { yl.”’”} of y‘]’bs ey y‘]’\?s points, we apply the Bayes rule [57] using a
likelihood function to update the priors. The result is a posterior distribution defined by Equation (8)

Py | ©)P(O)
P(y"bs)

where P(y°% | ©) stands for the likelihood function, P(®) is the prior distribution, P(y°*S) denotes the evidence, and P(® | y°*) the
posterior distribution, also known as target distribution.

In Bayesian inference, the evidence function P(y°**) in Equation (8) is considered fixed and independent of the vector ®. So, it
acts like a normalizing constant to ensure that the target/posterior distribution is a valid distribution. Since the normalizing constant
(also known as the marginal distribution of the data) is independent of the unknown parameters, it can be omitted when writing the
posterior distribution in Equation (8). In effect, the target distribution becomes proportional to the product of the likelihood function
and the priors as expressed in Equation (9).

PO]y") = ®)

P(®]y°") o P(y** | ©)P(O). )

Here, to compute the posterior distribution, we use the HMC algorithm, whose theoretical foundation relies on Hamiltonian
dynamics [58]. HMC uses gradient calculations to generate efficient samples from the posterior distribution. This property allows
HMC to be fit for high-dimensional and complex models even if there is a strong correlation among the parameters [42]. So, the
HMC algorithm converges quickly to a given target distribution, taking a few iterations. However, the HMC’s performance can be
influenced by the manual tuning of some of its parameters. To overcome this problem, [59] proposed the No-UTurn Sampler (NUTS)
algorithm. The NUTS algorithm, a type of HMC, automatically tunes its parameters to maximize efficiency and is highly effective in
exploring complex posterior distributions. It is adopted by Stan software [60], a statistical modeling platform that can be used to
model compartmental epidemic models [42,41], as the default algorithm for Bayesian inference based on MCMC sampling with the
HMC algorithm.

5.2. Observation model

Because observed COVID-19 data do not directly correspond to a specific quantity in the deterministic model (1), a likelihood
function is necessary to link these observations to changes in model compartments. We achieved this by assuming that the daily
reported incidence of symptomatic infected cases is related to the reported incidence in the model (1) by a negative binomial dis-
tribution defined in Equation (10). The negative binomial distribution is an alternative to the Poisson distribution when modeling
count data with over-dispersion, where the variance exceeds the mean [7,10,17,41,40]. This flexibility allows us to account for the
inherent variability and uncertainty in epidemiological data, which often exhibits over-dispersion. While the Poisson distribution is
typically used for modeling events that occur within a given period, such as infection count data, the negative binomial distribution
is better suited when there is significant variability beyond what the Poisson distribution can accommodate [61].

incidence?bs ~ NegBinomial(incidence?DE(@), b), (10)

with incidence?PE(©) = (1 - p)aE;.
qbs
1

infection incidence, denoted as incidence,.ODE (®), is produced by the ODEs (1), where © is the vector of parameters with values
yet to be determined. NegBinomial(u, ¢) represents the Negative Binomial distribution in which u indicates the mean and ¢ is the

dispersion parameter. ¢ is unknown and needs to be estimated.

In Equation (10), incidence?”® is the observed incidence of infected cases reported on day i. The corresponding symptomatic
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We adopted the parameterization outlined in Gelman et al. [62] for the Negative Binomial distribution and gave its expression by
Equation (11)

_ u n
NegBinomial(n|u, ¢) = <n:/11 1) <%> <ﬁ> , an

where u € R*, ¢ € R*, and n € N represents the observed number of new infections.
5.3. Prior specification

After determining the likelihood function that models the observed data, we must specify the prior distribution, P(®), of the set of
unknown parameters in the vector, ® = (Bg, f4, Ys> Ya> YH> Y05 055 605 O 55 05 My D) which is viewed as random. This allowed
us to include our pre-existing beliefs about the epidemiological parameters in the model by establishing a prior distribution for each
quantity in vector ©, as provided in Equation (12)

P©)=P(Bs)PBP )PP ) Plrg)P(65)P(6g)P(6g)P(os)Plog)P(n)P(1/¢). (12)

Previous studies estimated the infection rate from 0.5 to 1.5 day‘1 [63-65] and found similar viral loads for asymptomatic
and symptomatic individuals [49]. To ensure positive and reliable estimates for f, and fg, we choose an informative normal prior
distribution with a mean of 1 and a standard deviation of 0.2. This prior reflects our belief that these parameters will likely be around
1, with limited variability. Our model considers recovery for individuals in various states: symptomatic and asymptomatic infectious,
quarantined, and hospitalized. As reported in [18,66,67], recovery rates for symptomatic and asymptomatic infectious individuals are
observed to be faster (0.1429 day~!) compared to hospitalized and quarantined individuals (0.0714 da y’l). To reflect this finding,
the recovery rates (ys and y4) for the symptomatic/asymptomatic subpopulations are modeled as normally distributed with a mean
of 0.1429 and a standard deviation of 0.1. Similarly, the recovery rates (yy and y,) for hospitalized and quarantined individuals are
set to follow a normal distribution with a mean of 0.0714 and a standard deviation of 0.01. In this way, we constrain the model to
generate reliable estimates of recovery rates, all of which will be positive. The disease-induced death rate is estimated to be 0.0016
day~! in symptomatic individuals, 0.0025 day~! in quarantined individuals [8], and ranges from 0.001 to 0.1 day~! in hospitalized
patients [63,68]. We then draw 64 and 3o from a uniform distribution on the interval (0, 0.004) and 6, from a uniform distribution
on the interval (0, 0.04). The transition rate from the quarantined to hospitalized class (c,) is estimated to be 0.14 d ay™! [68-70].
Similarly, the transition rate from symptomatic to hospitalized class (o) ranges from 0.0514 day~! to 0.14 day~! [18,37,69]. For
the transition from symptomatic to quarantined, the rate (5) is estimated to be 0.1327 da y~! [66]. We chose uniform distributions
for these rates. 6y is drawn from a uniform distribution of (0.125, 0.166), oy from a uniform distribution of (0.06, 0.14), and #
from a uniform distribution of (0.1, 0.25). This selection of uniform distributions reflects the limited prior information available from
the literature on the specific distribution of these parameters. This aligns with the established scientific understanding that disease-
induced death rates (dg, 30» and 65 ) and the rates of transition (6g; 05, and ) are inherently positive. As recommended in [41],
we specify the prior distribution P(1/¢) as an exponential distribution with a scale parameter value of 5 to prevent an excessive
concentration of prior mass on models exhibiting significant over-dispersion.

5.4. Assessing the model

We conduct posterior predictive checks [41] to evaluate the model’s fit to the observed data. After fitting the model, we leverage
the estimated posterior distribution P(® | y°*%), of the model parameters ®, to generate simulated predictions (simulated datasets),
denoted as y;,. These simulated datasets represent the outcomes the model would anticipate if it were responsible for generating
the data. Then, we compare these datasets with the observed data to assess the consistency between model predictions and reality.
We draw simulated datasets, y,;,,, by following this procedure:

0,05 ~ P(O ] y°7),

post

YVsim ~ P(yobS | G)post)'

This procedure samples simulated predictions based on parameter values drawn from the posterior distribution, incorporating
information from observed data into the parameter estimates.

5.5. Predictions

An essential step in developing epidemic models is model validation, which involves assessing the accuracy and the performance of
the model to predict future observations. The ability of the model to make predictions is related to the accurate and reliable estimates
of its parameters. Hence, after estimating the unknown quantity ® in the model (1), we evaluated the model’s predictive capacity by
comparing model predictions with the observed data. To generate predictions, we divided the observed data y°* into a training set
y'"ain and test set y'¢! such that y" " = ( y‘l’bs , yg’”, yflb“'), and y'*" = (yZTl , yzlfz, y‘l’\j’s ), with n representing the size of the training
set and N the number of observations. Next, we apply a fit-and-predict approach built-in Stan [71]. In this approach, the predictive
model is encapsulated within the generated quantities block of the Stan program. This block is where we specify the quantities of
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Table 2

Predetermined parameter values in the system of equation (1).
Parameter Mean value 95% Confidence Interval (CI) Source
a 0.1923 day™! [0.1429, 0.2439] [43-45]
P 0.1790 [0.1550, 0.2020] [46-48]
g 0.0050 day™! - Assumed
my 0.01 - Assumed
my 0.1 - Assumed

interest generated based on the parameters estimated by the model. By placing the predictive model within this block, we ensure
that predictions are made based on the posterior distribution of parameters obtained from the fitted model. When new predictions
are required, the entire model-fitting process is repeated. This involves re-estimating model parameters using the updated dataset,
which includes any new observations that have become available. This iterative process ensures that the model remains current and
that predictions are based on the most recent data.

6. MCMC simulations and results

This section focuses on fitting the proposed epidemic model (Equation (1)) to incidence data under two scenarios. The first scenario
explores the model’s behavior without vaccination, while the second scenario incorporates vaccination dynamics. We further evaluate
the model’s ability to generate predictions for new observations.

6.1. Model fitting without vaccination

We fit the vaccination-free version of our deterministic compartmental model (1) (GV =0and V(0)= 0) to the daily confirmed
cases of COVID-19 in the State of Tennessee from June 4 to November 26, 2021, to estimate its unknown parameters ©. The other
parameters in the model (1) are obtained from existing literature on COVID-19. The mean incubation period of COVID-19 ranges
between 5 and 5.2 days [43-45]. We take the base value as a =0.1923 day=! (95% confidence interval (CI), 0.1429 to 0.2439). The
estimated proportion of asymptomatic individuals in all infected cases with SARS-CoV-2 ranges between 0.1572 and 0.308 [46-48].
We set the base value as p =0.1790 (95% credible interval (CrI): 0.155 to 0.202). As reported in [50], reinfections are prompting
inquiries regarding long-term immunity to COVID-19 and its implications for vaccine development. We assumed waning immunity
among recovered individuals at 183 days (a)}l = 183). Given that the reduction factors of infectivity, my and mg, must be strictly
between 0 and 1, we have chosen my =0.01 and my =0.1 to illustrate a specific scenario in our simulations. These values represent
the significant decrease in transmission from hospitalization (my) and the moderate reduction from quarantine (mQ). Table 2 lists
the fixed and assumed parameters of our model. We also set initial conditions for the state variables as follows: E(0) = 35,870,
1,(0)=2,701, I5(0) = 15,890, 15(0) = 18,905, 1,(0) = 28,686, R(0) = 30,417, D(0) = 11,372, and S(0) = (N — E(0) — 14(0) -
I5(0) — I5(0) — I4;(0) — R(0) — D(0)). Here, N refers to the Tennessee population size as is given in Section 3.

We employ the NUTS algorithm based on the RStan package [71] in R software version 4.3.1 to draw samples. In the settings
of NUTS, we set the number of parallel chains to four, the number of iterations per chain to 2000, and the number of iterations
to discard per chain (warm-up) to 1000. For each estimated parameter and the associated function, Basic reproduction number R,
4000 samples were obtained (1000 sample draws per chain). These samples are utilized in computing summary statistics for the fitted
parameters, including posterior mean, standard deviation, quantiles, effective sample size (n,, ), and R statistics to assess the MCMC
chains.

To gauge if our inference is reliable, we first provide in Table 3 a summary of statistical metrics of the fitted quantities. Next,
we examine the central posterior uncertainty intervals (Figs. 2 and 3), marginal posterior densities (Fig. 4), and trace plots (Fig. 5)
for parameters of interest. As shown in Table 3, the R value is close to 1 for all parameters, indicating good convergence of the
MCMC chains. In addition, the effective sample sizes for all sampled parameters were high, with the parameter # having the lowest
number of effective samples at 3168, a value still regarded as high. This indicates that the MCMC chains have successfully explored the
posterior distribution. The NUTS algorithm uses the R statistics and n, 7 s diagnostic tools to assess the quality of the MCMC samples
generated by the algorithm [41,72]. R with values close to 1 indicates the convergence of parallel chains, and higher values of n, rr
(over 100) signify more informative samples [73]. Figs. 2 and 3 show that the parameters have narrow intervals for central posterior
uncertainty with R near 1 (R < 1.05). In Fig. 4, we observe that the four parallel Markov chains for each parameter distribution,
ignoring the influence of other parameters, are overlapped, confirming that the MCMC chains converge. The mixing and agreement
of the Markov chains can also be seen in the traceplots, as presented in Fig. 5.

After evaluating the inference, we assess model fit using posterior predictive checks (Section 5.4), and we provide the result in
Fig. 6. This assessment involves generating simulated predictions for daily confirmed cases and plotting the constructed curve with
uncertainty measures, 50% and 97.5% credible intervals (Crl) (Fig. 6(a)). Using the estimated parameters, we present in Fig. 6(b) the
fitted curve for confirmed cases from model (1) with 97.5% Crl.

Fig. 6(a) shows a good fit between the observed incidence data (black dots) and the posterior median of the simulated predictions
(solid blue line). The model uncertainty, visualized by the credible intervals (Crls), captures the structure of the variability in the data.
The dark blue shaded area represents the 50% CrI and encompasses the most likely range of predictions. The wider light blue shaded
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Table 3
Estimates of the model parameters in the absence of vaccination dynamics.

Parameter Posterior mean Standard deviation Quantile 2.5% Quantile 97.5% Norr R Source
Bs 0.7161 day™! 0.1138 0.5016 0.9389 6128 0.9996 Fitted
Ba 1.2446 day™! 0.2104 0.8341 1.6524 5166  0.9995  Fitted
s 0.3712 day™! 0.0850 0.2084 0.5403 3807  0.9993  Fitted
Va 0.4157 day™! 0.0633 0.3040 0.5504 6378  1.0002  Fitted
Yu 0.0724 day™! 0.0102 0.0518 0.0929 6458 0.9995 Fitted
Yo 0.0725 day™! 0.0100 0.0525 0.0921 6396  0.9995  Fitted
Sy 0.0020 day™! 0.0012 0.0001 0.0039 5336  0.9991 Fitted
§Q 0.0020 day™! 0.0012 0.0001 0.0039 5135 0.9994 Fitted
Sy 0.0125 day™! 0.0103 0.0004 0.0370 4376  0.9995  Fitted
og 0.1140 day™! 0.0207 0.0714 0.1419 4930  1.0008  Fitted
oo 0.1475 day™! 0.0120 0.1265 0.1659 5297 0.9993 Fitted
n 0.2013 day™! 0.0374 0.1150 0.2483 3168  1.0001 Fitted
1/¢ 0.2559 0.0262 0.2097 0.3113 5265  0.9996  Fitted
¢ 3.9489 0.4012 3.2123 4.7676 6143  0.9995  Fitted

R<105 @ R<11 @ R>1.1

beta_S
beta_A=
gamma_S

gamma_A+

0.4 0.8 1.2 1.6

Fig. 2. The plot depicts the median estimates and their credible intervals for parameters f¢ (beta_S), f, (beta_A), vy (gamma_S), and y, (gamma_A). The color scheme
corresponds to the R value for each parameter. A long, thin blue line signifies the 90% credible interval, while the short, thick blue line represents the 50% credible
interval. The large, shaded blue circle denotes the median estimate of the parameter.

R<105 @ R<11 @ R>1.1

gamma_H
gamma_Q+
delta_S
delta_Q+
delta_H o
sigma_S
sigma_Q+
eta+

phi_inv 4

0.0 0.1 0.2 0.3

Fig. 3. The plot depicts the median estimates and their credible intervals for parameters y;; (gamma_H), v, (gamma_Q), 5 (delta_S), 5, (delta Q), 5 (delta_H), o5
(sigma_8), o, (sigma_Q), # (eta), and 1/¢ (phi_inv). The color scheme corresponds to the R value for each parameter. A long, thin blue line signifies the 90% credible
interval, while the short, thick blue line represents the 50% credible interval. The large, shaded blue circle denotes the median estimate of the parameter.

area represents the 97.5% Crl, highlighting the broader range of possible outcomes considering the model’s uncertainty. Similarly,
Fig. 6(b) depicts a satisfactory fit between the model estimation (solid blue line) and the observed data points. Likewise, the model
uncertainty is represented by the 97.5% CrI (light blue shaded area), accounting for the variability observed in the data. Hence, using
the HMC algorithm, our epidemiological model produces the COVID-19 incidence in Tennessee State.

Table 3 shows that the estimated infection rates, f¢ and f,, are 0.716 and 1.244 days~!, respectively. These values align with the
range of 0.5-1.5 days™! supported by [63-65]. Furthermore, the estimated values for f¢ and 8, suggest that the effective contact
rate for asymptomatic individuals (f,) is higher than that of symptomatic individuals (fg). This result emphasizes the importance
of asymptomatic carriers as the main contributors to the COVID-19 pandemic in Tennessee. However, a study [49] estimated the

10



T. Jdid, M. Benbrahim, M.N. Kabbaj et al. Heliyon 10 (2024) 38204

aaaaaaaaaaaaaa

mmmmmmmmmmmmmmmmmmmmmmmm

delta_H sigma_S sigma_Q

0.01 0.0 0.08 0.10 012 0.16
phi_inv phi
020 0.25 0.30 035 3 4 5 1425

Fig. 4. Marginal posterior densities plot for parameters fs, 4, Vs, Y45 Y1» Y0» 55 00> Om» G55 0gs M, 1/, ¢, and 1p__ (log-posterior). A line depicts a Markov chain.

aaaaaaaaaa

o] wWMWwi#VMWWW$i Ww%*iﬂlwik
o w s " #M ‘hwi«%n%h‘Ll ;: W[M‘WMM i M 0:2- W ‘ 'WM ’W ”M‘ Eiﬁ\(k‘kﬂflut &Q‘ |ﬂ| W ‘

aaaaaaaaaaaaaa

ST
ks L\""” i '“"” Bl a0 Y Y IM It o=

..............
] ”m "M"WWN

= N T e
KM&MM"TMWWMMﬂKNWWWWW$MW”W W

T “ 0%

gﬁ

||||||

o (Mh i M iy

Mlﬂ lj'[”b 'f Mw

WW M \MM i h i “llJ "!:MW[NNJUHHQ» il W”

0.25+
'u)W'wl\W*lr P' sk W 1" | NWNW*M WP ﬂ‘
"""""" 1000 0 200 400 600 800 100
Fi g 5 Tra pl ts for parame 1S B, Bas Ya> Yis Y0s 055 80> 5 1/¢ ¢, and 1 (1 og-posterior) indicating the value for each MCMC chain at every
ites d ing the s ryph e (ex ld gth warm up per d)Al dp a Markov h

11



T. Jdid, M. Benbrahim, M.N. Kabbaj et al. Heliyon 10 (2024) e38204

(@) (b) 15000 .

15000 .
10000 o .

10000 oo
.

5000
5000

Daily confirmed cases
Daily confirmed cases

Jun 22 Aug 01 Sep 10 Oct 20 Nov 29 Jun 22 Aug 01 Sep 10 Oct 20 Nov 29
Date Date

Fig. 6. Model (1) fitted in the absence of vaccination to daily COVID-19 confirmed cases (black dots) from June 4 to November 26, 2021. (a) Posterior predictive
check for COVID-19 incidence. The solid blue line represents the median posterior, the dark blue shaded area represents the 50% credible interval (CrI), and the light

blue shaded area indicates the 97.5% Crl. (b) The solid blue line shows the model estimation and the light blue shaded area illustrates the corresponding 97.5% Crl.
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Fig. 7. Trace plot and posterior distribution of the Basic reproduction number. (a) Trace plot indicating the value of each MCMC chain at each iteration of the stationary
phase. (b) Posterior distribution with median and 95% interval.

viral load of COVID-19 to be similar for both asymptomatic and symptomatic persons. Thus, we can explain the high probability of
COVID-19 transmission by asymptomatic individuals as follows. First, because asymptomatic carriers do not show clinical signs, they
may be unaware that they have the virus and are infectious. Therefore, they inadvertently transmit the virus. Second, asymptomatic
individuals are likely to continue their normal activities, including social interactions, with no precautions taken. This behavior can
lead to increased contact with others and a greater likelihood of transmission. Finally, asymptomatic individuals are less likely to be
diagnosed unless they have had direct contact with a confirmed case or through targeted screening. This delay in diagnosis allows
asymptomatic carriers more time to spread the virus unknowingly. The average recovery rates for hospitalized (y;) and quarantined
(7o) individuals are 0.0724 and 0.0725 days™!, respectively, consistent with the findings of [18,66,67]. The average recovery rates
for symptomatic (y5) and asymptomatic (y,) individuals are estimated to be around 0.37 da ys~!, which is faster than those reported
in [18,66,67]. Disease-induced death rates are estimated to be relatively low, ranging from 0.002 day~! for symptomatic infectious
and quarantined individuals to 0.0125 day~! for hospitalized individuals. These estimates support the findings reported in [8] for
symptomatic infectious and quarantined individuals, and in [63,68] for hospitalized individuals. Our estimates for transition rates
align with previous studies: 0.1475 day~! from quarantined to hospitalized and 0.1140 day~! from symptomatic to hospitalized
[18,37,69,68,70]. However, the estimated transition rate from symptomatic to quarantined (0.2013 d ay 1) is higher than the value
reported in [66].

We estimated the basic reproduction number (R) by incorporating Equation (7) into the block of generated quantities within
the Stan program. The mean of R, as estimated from the observed data, was 1.5 (97.5% credible interval (CrI): 1.46-1.56). Fig. 7
displays both the trace plot and the posterior distribution of R,,. Specifically, Fig. 7(a) demonstrates the mixing and convergence of
the MCMC chains, whereas Fig. 7(b) illustrates the posterior distribution of R, with a median estimate of 1.5. Our estimated value
of R, (approximately 1.5) aligns closely with early estimates from other studies conducted in Tennessee. For instance, [27] reported
an R, of 1.0343, while [28] estimated R, at 1.791 in Hamilton County, Tennessee. The observed discrepancies may be due to the
difference in model assumptions and structures.

6.2. Model fitting with vaccination

Throughout this section, we fit the model in Equation (1) to COVID-19 confirmed cases on incidence, from June 4 to November
26, 2021, by accounting for vaccination (91/ #0 and V(0) # O). To implement a vaccination strategy, we examined three COVID-19
vaccines: Pfizer-BioNTech with 95% efficacy [74], Moderna with 94.5% efficacy [74], and Janssen with 67% efficacy [75]. These
vaccines have received emergency use authorization from the Food and Drug Administration (FDA) in Tennessee State [76]. Our
primary objective is to estimate the vaccination rate from the data for each of the three COVID-19 vaccines. Following the same
procedure described above, the model was calibrated separately for each vaccine efficacy. We inform the prior distribution for 6y,
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Table 4

Mean vaccination rate estimates for each COVID-19 vaccine.
0, mean Standard deviation ~ Quantile 2.5%  median  Quantile 97.5%  n,., R Source
Pfizer 0.0051 0.0009 0.0034 0.0051 0.0068 3129 0.9993 Fitted
Moderna  0.0051 0.0009 0.0034 0.0051 0.0069 3492  0.9999  Fitted
Janssen 0.0059  0.0018 0.0025 0.0059 0.0095 3356  0.9997  Fitted

Pfizer COVID-19 vaccine

X 1 Chain ®
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eam4WWMA WWMM”W' e

Fig. 8. Trace plot and posterior distribution of the parameter 6,, (or theta_ V) when we use the Pfizer COVID-19 Vaccine. (a) Trace plot indicating the value of each
MCMC chain at each iteration with the grey area showing the warm-up phase. (b) Posterior distribution with median and 95% interval.
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Fig. 9. Trace plot and posterior distribution of the parameter 6, (or theta_V) when we use the Moderna COVID-19 Vaccine. (a) Trace plot indicating the value of each
MCMC chain at each iteration with the grey area showing the warm-up phase. (b) Posterior distribution with median and 95% interval.
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Fig. 10. Trace plot and posterior distribution of the parameter 6, (or theta_V) when we use the Janssen COVID-19 Vaccine. (a) Trace plot indicating the value of each
MCMC chain at each iteration with the grey area showing the warm-up phase. (b) Posterior distribution with median and 95% interval.

(vaccination rate) from the literature. A previous study [27] estimated the Pfizer, Moderna, and Janssen vaccine vaccination rates to
be 0.0059 day~!, 0.0042 day™', and 0.0059 day~!, respectively. Another study [17] suggested a wider range of 0 to 0.009 day~! for
the vaccination rate. Given this information, we choose a uniform distribution for ;,, with a lower bound of 0.002 day~! and an upper
bound of 0.01 day™! (GV ~ U(0.002, 0.01)). The initial number of vaccinated individuals was set to 25,460. That is, V' (0) = 25,460.

Our estimates reveal a mean vaccination rate of 0.0051 day~! for both the Pfizer and Moderna vaccines, while the Janssen vaccine
showed a slightly higher rate of 0.0059 day~' (see Table 4). Figs. 8, 9, and 10 present the trace plots and posterior distributions with
median values and 95% credible intervals for the vaccination rates of the three vaccines. From Figs. 8(a), 9(a), and 10(a), we observe
the mixing and convergence of the MCMC chains, even during the warm-up phase, for the vaccination rates of all three vaccines.
Figs. 8(b), 9(b), and 10(b) illustrate the posterior distributions of the vaccination rates, with a median estimate of 0.0051 for both
the Pfizer and Moderna vaccines and 0.0059 for the Janssen vaccine. The estimated values make scientific sense. First, because the
Moderna vaccine has efficacy in the same order as the Pfizer vaccine, we obtain a similar estimate of the vaccination rate for both
vaccines. Second, as expected [17,35], the vaccination rate for Janssen’s vaccine is higher than for Pfizer’s and Moderna’s vaccines.
Model fitting for all three vaccines yields approximately the same estimated values for the other parameters.
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Fig. 11. Model (1) with vaccination dynamics fitted to daily COVID-19 confirmed cases (black dots) from June 4 to November 26, 2021, using the Pfizer-BioNTech
COVID-19 Vaccine. (a) Posterior predictive check for COVID-19 incidence. The solid blue line represents the median posterior, the dark blue shaded area represents
the 50% credible interval (CrI), and the light blue shaded area indicates the 97.5% Crl. (b) The solid blue line shows the model estimation and the light blue shaded
area illustrates the corresponding 97.5% Crl.
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Fig. 12. Model (1) with vaccination dynamics fitted to daily COVID-19 confirmed cases (black dots) from June 4 to November 26, 2021, using the Janssen COVID-19
Vaccine. (a) Posterior predictive check for COVID-19 incidence. The solid blue line represents the median posterior, the dark blue shaded area represents the 50%
credible interval (Crl), and the light blue shaded area indicates the 97.5% Crl. (b) The solid blue line shows the model estimation and the light blue shaded area
illustrates the corresponding 97.5% Crl.

Calibration of the model using the efficacy of the Pfizer and Moderna vaccines produced a similar fit curve, so we present only the
fit for Pfizer in Fig. 11. Fig. 12 shows the fit for the Janssen vaccine. Figs. 11(a) and 12(a) display a good fit between the observed
incidence data (black dots) and the posterior median of the simulated predictions (solid blue line). The model’s uncertainty is captured
by the credible intervals (Crls), with the dark blue shaded area representing the 50% CrI and the light blue shaded area illustrating
the 97.5% Crl, reflecting the range of likely outcomes based on the model. By comparing Figs. 6(b), 11(b), and 12(b), there was a
reduction in the epidemic peak, from 8,029 infected cases on August 30 (Fig. 6(b)) to 5,616 on August 30 (Fig. 11(b)) and 6,493
on August 30 (Fig. 12(b)). Thus, a decrease in the number of daily cases of infection is observed when a vaccination strategy is
implemented.

To explain the effects of vaccination on the incidence of COVID-19, we simulated our model (1) using the estimated parameter
values in Table 3, the fixed parameter values in Table 2, and the initial conditions mentioned previously from June 4 to November
26, 2021. To do this, we first set the vaccine efficacy to that of the Pfizer vaccine (£, = 0.95) and varied the vaccination rate. Next,
we kept the vaccination rate at 0.0051 day~! and varied the vaccine efficacy. Fig. 13 shows the numerical simulations. Fig. 13(a)
shows that increasing the vaccination rate by maintaining vaccine effectiveness at 0.95 reduces the number of daily infections and
flattens the epidemic curve. Likewise, Fig. 13(b) shows that adopting highly effective vaccines decreases the incidence but not as
much as when increasing vaccination rate. Therefore, the effectiveness of a vaccination strategy in reducing COVID-19 incidence
depends on the vaccine uptake or vaccination rate and the vaccine efficacy. It also depends on other factors, such as vaccination
coverage [17-19] and the characteristics of the disease itself [3,24].

Overall, a vaccination strategy intends to reduce disease incidence in a population by increasing the proportion of individuals
who are immune to the disease. Vaccinating a large proportion of the population reduces the spread of the disease and, ultimately,
the incidence of new cases. The success of a vaccination strategy can be assessed by monitoring changes in incidence over time.

6.3. Model prediction
Considering the vaccination-free version of our model and the data of Tennessee State, from June 4 to November 26, 2021, we
explore four distinct scenarios with the size of training set n € {52,88,123,158}. So, the training set includes 30%, 50%, 70%, and

90% of the observations y°*, respectively. In Fig. 14, we present the prediction results for the four scenarios.

14



T. Jdid, M. Benbrahim, M.N. Kabbaj et al.

Heliyon 10 (2024) e38204

(a) — (b) __
80004  Vaccination rate 80004 Vaccine Efficacy
= Without vaccination = Without vaccination

s, 60009 —— 0.006 > 60009 =—— 67%
© ©
° °
5 = 0.008 5 — 80%
o o
"] 0

4000 4 0.01 _ 95%
s -
=] =]
o o
L L
£ £

2000 4 2000 4 \

04 — o4 —
T T T T T T T T T T
Jun 22 Aug 01 Sep 10 Oct 20 Nov 29 Jun 22 Aug 01 Sep 10 Oct 20 Nov 29
Date Date

Fig. 13. Effect of vaccination on the incidence behavior of COVID-19. (a) Evolution of daily confirmed cases with the vaccination rate by keeping constant the vaccine

efficacy to 95%. (b) progression of daily confirmed cases with vaccine efficacy by holding the vaccination rate at 0.0051 day™".
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Fig. 14. Predictions for Tennessee are generated using training data of 52, 88, 123, or 158 days. The solid blue curve represents the model trained to real data (black
dots). The solid green curve depicts the predicted daily confirmed COVID-19 cases. The light blue and green shaded areas illustrate the 97.5% credible interval (CrI)
for model training and prediction. The vertical dashed red line indicates the starting prediction date.

When we train the model with only 30% of observations (52 days, June 4 to July 25, 2021), we see from Fig. 14(a) that the
prediction uncertainty (green area) is wide and doesn’t match the shape of the data before and after observing the inflection point of
the outbreak. In addition, the predicted curve (solid green line) underestimates the observed data from the July 26-August 31 period
and overestimates the observed data for the latter period. However, from Fig. 14(b), increasing the training data from 30% to 50%
of the observations (88 days, June 4 to August 30, 2021) improves the model’s predictive performance. Indeed, from this Figure, we
observe that the predicted curve roughly predicts the epidemic peak, and the prediction uncertainty decreases and captures the shape
of the new data after the inflection point. From Fig. 14(c), by augmenting training data to 70% of observations (123 days, June 4
to October 4, 2021), we find that the prediction uncertainty becomes narrow, and the model predictions improve considerably. In
Fig. 14(d), training the model on 90% of the observed data (158 days, June 4 to November 8, 2021) shows that the model accurately
generates predictions in new data. So, the model prediction line is approximately close to the fitted curve in Fig. 6(b).

In summary, predictions for new observations are generated using Stan’s fit-predict approach. Our analysis demonstrates that the
quality of these predictions is closely related to the number of observed days used to train the model. As the size of the training
dataset increases, the prediction accuracy improves, evidenced by a reduction in bias and more precise estimates. This is illustrated
in Fig. 14(c, d), where larger training sets lead to better alignment between predicted and observed data. Additionally, our posterior
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predictive checks confirm that the credible intervals realistically capture the variability in the data, maintaining that the reduction
in uncertainty remains well-calibrated and not attributed to overfitting. This approach can guide public health decision-making by
providing insights into the trajectory of COVID-19 transmission. Besides, the model can be leveraged for further analyses to assess the
impact of various non-pharmaceutical interventions (NPIs) such as social distancing, mask-wearing, and lockdowns. This capability
can also be extended to evaluate the effectiveness of different vaccination coverage levels. By combining these NPIs with vaccination
programs, the model can inform the development of optimal control strategies for COVID-19.

7. Conclusions

In this work, we introduced a vaccination-based compartmental model to capture, analyze, and predict the transmission of COVID-
19. The model represents different stages of COVID-19 infection and includes a vaccination strategy, enabling a thorough analysis
of the influence of vaccination rates on the spread of the disease. This model was calibrated using daily confirmed COVID-19 cases
in Tennessee, USA, from June 4 to November 26, 2021. A Bayesian inference framework with the HMC algorithm was employed to
explore the posterior distribution of model parameters.

We presented results from two scenarios. In the first scenario, we fit the model (Equation (1)) from June 4 to November 26, 2021,
excluding vaccination, to estimate the epidemiological parameters such as infection, recovery, and disease-induced death rates.
During this period, the Tennessee population was undergoing a vaccination campaign. Although the model in this scenario does
not explicitly account for vaccination, the effects of vaccination are inherently reflected in the data. Vaccination efforts reduce the
number of susceptible individuals, affecting disease transmission by limiting the number of effective contacts between infected and
susceptible individuals [56]. Consequently, the estimates of the underlying epidemiological parameters can be modified, potentially
leading to a bias in capturing the true dynamics of an unvaccinated population.

In the second scenario, we incorporated vaccination dynamics into the model (Equation (1)) and estimated the vaccination rate
for each vaccine type: Pfizer, Moderna, and Janssen. These estimates are 0.0051 per day for both the Pfizer and Moderna vaccines
and 0.0059 per day for the Janssen vaccine. The fitted curves for these vaccines all show reductions in the epidemic peak. Pfizer and
Moderna vaccines achieved a greater reduction, bringing the peak down from 8,029 infected cases to 5,616 infected cases, while the
Janssen vaccine reduced it, to 6,493 infected cases.

We assessed the impact of vaccination on epidemic control through simulations. Fixing vaccine efficacy at 95% and varying the
vaccination rate from 0.006 to 0.01 days~! reduces daily infections and flattens the epidemic curve. Likewise, with the vaccination
rate fixed at 0.0051 days~!, varying vaccine efficacy from 67% to 95% decreases the incidence, but not as much as when increasing
the vaccination rate. These simulations suggest that a highly effective vaccine provides a strong foundation for reducing infections,
but achieving a high vaccination rate is also crucial to maximize the impact.

We evaluated our model’s ability to predict unseen data (new observations). The amount of training data directly impacts the
accuracy of these predictions. As the training data increases, the model’s predictive accuracy improves for future cases.

The model’s basic reproduction number (R,) was estimated from the fitting to be 1.5, implying that an infected individual will,
on average, transmit the infection to 1.5 other people in a completely susceptible population. This indicates moderate COVID-19
transmissibility, highlighting the need for vigilance and interventions like vaccination to curb the spread and prevent outbreaks. Our
findings further emphasize this, showing that Pfizer and Moderna vaccines significantly reduce infections. Combining vaccination
with NPIs like social distancing, mask-wearing, and lockdowns can strategically form optimal control strategies for COVID-19.

Although this framework is particularly suitable for capturing COVID-19 spread in homogeneous populations, real-world com-
munities are more complex due to heterogeneous factors like age, disease severity, and health status. In future work, we will extend
our model to incorporate age stratification, allowing us to explore COVID-19 dynamics in diverse community settings. This approach
will leverage datasets from the Tennessee Department of Health [77], which provide comprehensive data on confirmed cases, testing,
deaths, hospitalizations, and vaccinations, as well as trends over time and demographic breakdowns. By utilizing this wealth of infor-
mation, we aim to tailor strategies that target high-risk groups more effectively and maximize the impact of vaccination campaigns
on reducing transmission and mortality rates. This targeted approach will enable us to optimize vaccination programs and improve
public health outcomes across various population segments.

In addition to enhancing our model’s ability to capture population heterogeneity, future research will also focus on establishing
a robust mathematical foundation by conducting a well-posedness analysis. This will involve proving the existence of a unique
solution that changes continuously with the variations in the data. Furthermore, we will perform a stability analysis to understand
the model’s long-term behavior under varying conditions. By addressing these aspects, we aim to strengthen the model’s reliability
and applicability, ultimately improving its capacity to predict the impact of vaccination strategies on COVID-19 transmission and
contributing to more effective public health interventions.
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Appendix A

Proof of Theorem 1. By re-writing the model system (1), we obtain

L= Fex), X0 =xy20,

where,
X(1) = (SO, EW), L4(1), Is(t), 1), 1 (1), R(), D), V (1),

T
F@t,X)=(Ft,X),...,Fp(t, X)) .
F(t,X) is defined for all > 0, X € R, with

Fy(t, X) = wg R?) + @y, V (1) = (A + 0,)S(1),
Fy(t.X) = AS(t) + (1 = £,)AV (1) = a E(1),

Fo(t,X) =0, S(t) — (wy + (1 = EH DV @).

We note that
43 =wrRO) +wy V(1) 20,
dt |s=o
e =ASH+ A =&)AV () >0,
dt |g=o
dl
—Al =paE®) 20,
dr |1,=0
dl
Y =(-paE® 20,
dr |15=0
dl,
d_tQ =nlg(t) 20,
=0
dl
- =ogls()+0olp(1) >0,
dt =0
dR
1 |y = 7410+ 1s1sO +10lo® + 14 1y (0) 20,
a;i_]t) =065ls(t)+60lo()+6p1p(1) 20,
D=0
dv
—_ =60,S5()>0.
dt V=0 14 ()_

17


https://github.com/CSSEGISandData/COVID-19
https://github.com/touria2000/COV19Sim

T. Jdid, M. Benbrahim, M.N. Kabbaj et al. Heliyon 10 (2024) 38204

The previously established inequalities hold throughout the positive orthant R? , including its boundary hyperplanes. Given solutions
starting from non-negative initial conditions and non-negative time derivatives, system (1) remains in the region Ri. This ensures
our model system (1) is biologically realistic and well-defined. []
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