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Abstract
Coronavirus disease 19 (COVID-19) continues to challenge most

scientists searching for an effective way to diminish global outbreaks.
As a correlate, progress in our knowledge about the COVID-19 has
occurred, and we are more acknowledged than the early stages of a
pandemic. However, these efforts have not been enough to stop the
viral transmission, and many questions remain unanswered. To this
end, understanding the interaction between SARS-CoV-2 and target
cells affected by this virus is mandatory. Along with studies in the
field of the clinical setting and basic research, some achievements in
the modeling and analysis of COVID-19 disease have been obtained
in mathematics. Unfortunately, these models are not comprehensive
to predict or approve of which occur inside the body after virus en-
try. Commensurate with these comments, models with more elaborate
structures and minimum failure rate prediction are highly demanded.
Here, we aimed to systematically construct the modeling of the in-
teraction between the SARS-CoV-2 virus and innate immune system
cells and especially analyze the invasion of the virus to epithelial cells.
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Introduction
Infectious disease epidemics are one of the most severe challenging threats
that humankind historically has faced. From the past to the present, hu-
mans have been confronted with infectious diseases such as the Plague of
Justinian, the first known pandemic on record [1], and the Black Death oc-
curred in 541-542 AD and fourteenth century, respectively. Smallpox is
another devastating disease that has killed more people than all the wars
in history. Cholera was, of course, a considerable concern in the nineteenth
century and remains a concern today, especially in places like Bangladesh[2].
All of these and other kinds of infectious diseases are the best examples that
reveal the importance of how an epidemic disease can challenge human life.
At the end of 2019, the world has experienced a novel coronavirus (SARS-
CoV-2 virus) infection with the complication of the pulmonary tract (res-
piratory system) was reported in Wuhan, (Hubei province, China). While
China put great effort into preventing the spread of this virus, COVID-19
has, unfortunately, developed to more than 210 countries moving from the
epidemic center to remote places, leading to the global pandemic. Based
on the clinical investigations, SARS-CoV-2 has been so far (13 July 2021)
responsible for more than 186 million cases of infection and more than 4
million deaths worldwide [3]. The primary target of SARS-CoV-2 infection
is the lower respiratory tract causing Flu-like illness with symptoms such
as cough, fever, fatigue, and arthralgia[4]. Studies targeting this pandemic
have reached some helpful information in the treatment and vaccine devel-
opment. Despite these advances, COVID-19 still kills the population, and
efforts are still ongoing to find appropriate medication or approaches to pro-
hibit COVID-19 infection and, or decrease the horizontal transmission of
the SARS-CoV-2 virus in societies. Historically, coronaviruses are members
of the family Coronaviridae (viral particles contain single-stranded RNA)
can infect different species such as bats, camels, cats, and dogs, etc. The
horizontal transmission of viral particles happens by airborne droplets after
coughing or sneezing. Although many mathematical models in epidemiol-
ogy have been developed to address whether and how individual behavior
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(e.g., early self-isolation, wear masking, and social distancing) and preventive
strategies such as hand washing and covering coughs and sneezes can control
the spread of COVID-19 [5, 6, 7, 8, 9, 10, 11], there are too few models at
an in-host level to give us information about viral replication in the target
cell (s), the reciprocal interaction between the virus and immune response
system and effect of medications and therapeutic agents on the induction
of immune cell response against SARS-CoV-2 virus in vivo condition. Even
though, previous in-host mathematical models are too elementary[12, 13, 14].
Here, it is worth mentioning that mathematical modeling at the level of epi-
demiological remarkably assists politicians in passing effective laws in public
health. Besides, within-host mathematical modeling helps medical scientists
like virologists, immunologists, and pharmacists to understand better how
COVID-19 disease starts and expand inside the human body at micro-levels.
This research hopes to fill the knowledge gap on the interaction between hu-
man innate immune response and SARS-COV-2 virus, and be beneficial for
mathematical biologists and biomedical researchers (virologists, immunolo-
gists, pharmacologists, etc.). The onset and performance of innate immune
system response after SARS-COV-2 virus were predicted using mathemati-
cal modeling. Here, we briefly introduced the innate immune system to the
understanding of the modeling section. The function of innate immune cells
against the SARS-COV-2 was modeled step by step accurately using ordinary
differential equations. Then, the constructed model was analyzed from the
viewpoint of some mathematical aspects like both local and global stability.
It is postulated that the result of this modeling can help pharmacologists in
the development and production of effective vaccines and suitable antiviral
therapies. In the next step, the proposed model was represented graphically
to confirm the theoretical results. In the latter phase, modeling results were
interpreted in terms of biological and medical aspects.

Innate immune response
Here, we present some fundamental functions of innate immune response cells
because of better seeing immunity against the SARS-CoV-2 virus. Innate im-
munity is the first line of defense against internal and external pathogens.
Upon the entrance or activation of pathogens, the innate immune response
is initiated to reduce the possibility of infectious agent biodistribution. In-
nate immune responses are non-specific and occurred immediately (between
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0-96 hours) after pathogens transmission. This system comprises various cell
types from different lineages such as macrophages, mast cells, natural killer
cells (NK cells), neutrophils, basophils, eosinophils, and dendritic cells. After
production in bone marrow, these cells enter the systemic circulation.They
are transferred into the peripheral tissues such as skin, mucous and epithelial
layers, and connective tissues, where they can directly deal with the potential
problems. As above-mentioned, neutrophils, basophils, eosinophils are mem-
bers of granulocytes and function in the innate immune system. These cells
contain numerous intracellular granules and release their contents after acti-
vation. In addition, they can engulf (phagocyte) the foreign bodies or other
invasive agents. Both enzymatic reaction and phagocytosis can decoy the
pathogen and prohibit further spreading inside the body. Macrophages, NK
cells, and dendritic cells are other cellular components of innate responses.
These cells can phagocyte the pathogens or secret different inflammatory
biomolecules that regulate the innate response activity of neutrophils, ba-
sophils, and eosinophils. Of note, the member of the innate immune system
works and communicates with adaptive (acquired) immune system cells in a
regulated manner[15].

Model construction
Here, we aimed to develop a model in the dynamic of an in-host mathemat-
ical model of COVID-19. To be more specific, we collected data regarding
the effect of the innate immune response against the SARS-COV-2 virus.
In our developed model, as shown in figure 1, different state variables were
considered. From a biological point of view, the state variables are immune
cellular constitutes in which most are affected by the virus as follows: Sup-
pose SE represents the density of healthy epithelial cells, IE, the density of
infected epithelial cells. Also, let M1 density of resting macrophages, M2

density of activated macrophages. Assume CN and CM be the concentration
of neutrophils and monocytes, respectively. Finally, let V be the number
of virus particles. Therefore, the model for the within-host dynamic of the
innate immune response against the SARS-COV2 virus was proposed by the
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Figure 1: Main immune cellular constitutes of an innate immune response
against SARS-COV-2 virus. Within minutes-hours of exposure to infec-
tious agents, main immune cellular constitutes such as resting macrophages
are frustrated and polarized to the activated form (activated macrophages).
These cells can release numerous factors (biomolecules) that promote the
recruitment of their progenies (monocytes) from the blood into the target
organs, leading to increased macrophage density at the site of viral infec-
tion. Besides, activated macrophages produce arrays of inflammatory factors
that trigger the function of granulocytes, such as neutrophils. The com-
munication between different cellular constitutes of innate immune response
can limit further replication (proliferation) and propagation of viral particles
(SARS-COV-2 virus).
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below non-linear system of differential equations

dSE

dt
= ψs − ξSEV − µsSE + ρIE,

dIE

dt
= ξSEV − µiIE − ρIE,

dM1

dt
= ψr − αrM1V − µrM1 + κM2,

dM2

dt
= αrM1V − µaM2 − κM2 − νaM2V, (1)

dCN

dt
= ψnM2CN − µnCN − νnCNV,

dCM

dt
= ψmM2CM − µmCM − νmCMV,

dV

dt
= ηψvIE − µvV − γcM2V − γnCNV − γmCMV.

The associated parameters and variables are shown in the table 1.

Biological interperation of proposed model
(1) HECs constitute a single cell layer and cover the luminal surface of

the mucosal layer and alveolar sacs. In normal conditions, these cells
are repopulated after activation of respiratory system progenitor cells
at a specified rate (ψs). In the initial stage of the viral diseases, the
immune response is provoked to diminish the viral particle spread and
relatively infected epithelial cells can be recovered when the intensity
of cytopathic effect (degree of cell injury) has not induced irreversible
changes. In case, HECs died after viral infection, neighbor HECs can
proliferate (cell division) and replenish the infected epithelial cell at a
rate of ρ. It is postulated that HECs are infected by SARS-COV2 at
a rate of ξ and die naturally at a rate of µs.

(2) Infected epithelial cells (IECs): The term ξSEV represents infection
of HECs by the viral particles. Upon infection with the virus, HECs
become the IECs type. In our developed model, the term µi stands
for the natural mortality rate of IECs. Upon the entrance of viral
particles inside the HECs, innate immune system cells eliminate the
IECs by releasing different cytokines. Of note, during the initial step
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Table 1: List of variables for the proposed model.
Variables Description
SE(t) Density of healthy epithelial cells
IE(t) Density of infected epithelial cells
M1(t) Density of resting macrophages
M2(t) Density of activated macrophages
CN(t) Concentration of neutrophils
CM(t) Concentration of monocytes
V (t) Number of virus particles
Parameters Description
ψv Number of SARS-COV2 released following

the lysis of infected cells
η Rate at which infected cells lyse/burst
γc Rate of virus clearance by macrophages
γn Rate of virus clearance by neutrophils
γm Rate of virus clearance by monocyte
ψs Production rate of healthy epithelial cell

from stem cells
ξ Rate of viral attachment to epithelial cell
µs Natural death rate of healthy epithelial cells
µi Natural death rate of infected epithelial cells
ψr Macrophage birth rate
αr Activation rate of resting macrophage by virus
µr Natural clearance rate of resting macrophages
κ Deactivation rate of active macrophages
µa Natural death rate of activated macrophages
νa Virus-induced death rate of activated macrophages
ψn Production rate of neutrophils induced by

macrophages
µn Natural death rate of neutrophils
νn Virus-induced death rate of neutrophils
ψm Neutrophil-induced production rate of Monocytes
µm Natural death rate of monocyte
νm Virus-induced death rate of monocytes
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of the infection, when the number of the infected cells or intracellular
dose of the virus is to some extent that innate immune response cells
such as macrophages, neutrophils, and monocytes can eliminate the
infected cells. By contrast, the increase of infected cells (IECs) can
lead to immune system insufficiency and viral spread.

(3) Resting macrophages: In normal conditions, resting macrophages are
at the constant rate of ψr. The number of these cells is decreased by
natural death or polarization to activated macrophages (µr). There is
permanent polarization between resting and activated macrophages de-
pending on the inflammatory conditions. To be specific, in the presence
of antigens resting macrophages are activated polarized to activated
macrophages at a constant rate of αr. Upon antigen neutralization or
removal, activated macrophages are deactivated at a rate of κ.

(4) The number of activated macrophages is reduced by a natural death at
a rate of µa. Furthermore, continuous exposure of activated macrophages
to viral particles leads to cell exhaustion and atresia at the rate of νa.

(5) Neutrophils: The release of cytokines by activated macrophages in-
duces neutrophils. In our model, the term ψn was used for this phe-
nomenon. Neutrophils are reduced by a natural death at the rate of
µn. The interaction and exposure of neutrophils to viral particles lead
to cellular death at the rate of νn.

(6) Monocytes: The term ψmM2CM represents the induction and recruit-
ment of monocytes by activated macrophages, and νmCMV describes
virus-induced death of monocytes at the rate of νm. The natural death
of monocytes is shown by µmCM .

(7) Virus particles: The term ηψvIE represents the procedure of virus repli-
cation within epithelial cells. Here, we proposed that some fractions of
viral particles are naturally at the rate of µv or cleared by macrophages,
neutrophils, and monocytes at rates of γc, γn, and γm, respectively.
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Some valuable features of the model
Solution’s positivity
Biologically, it should be proved that if we commence with positive initial
conditions, all the state variables of the COVID-19 model are positive for all
t non-negative , science the number of innate immune system’s cells and the
virus count cannot be negative. To this end, the following theorem is crucial
to be presented.

Theorem 0.1 The region

D = {(SE, IE,M1,M2, CN , CM , V ) :

SE > 0, IE ≥ 0,M1 > 0,M2 ≥ 0, CN ≥ 0, CM ≥ 0, V ≥ 0},

is a positive invariant set for system (1).

Proof : We now show that if we commence with positive initial conditions,
the solutions of system (1) stay positive for any positive t. Using the (1), we
get,

dSE

dt

∣
∣
∣
SE=0

= ψs + ρIE > 0,

dIE

dt

∣
∣
∣
IE=0

= ξSEV ≥ 0,

dM1

dt

∣
∣
M1=0

= ψr + κM2 > 0,

dM2

dt

∣
∣
M2=0

= αrM1V ≥ 0,

dCN

dt

∣
∣
∣
CN=0

= 0,

dCM

dt

∣
∣
∣
CM=0

= 0,

dV

dt
|
V =0

= ηψvI ≥ 0.

So all the right-side of above terms are non-negative on the plane (given by
SE = 0, IE = 0,M1 = 0,M2 = 0, CN = 0, CM = 0, and V = 0, which is
called bounding planes) of the non-negative region of the real space. So, if a
solution commences in the inside of this region, it will stay inside it for all
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future time t. This occurs because of that fact the direction of the vector field
most of the times is in the direction on the bounding planes, as indicated by
the above inequalities. Therefore, we deduce that if the initial conditions are
positive, all the system solutions (1) stay positive for any future time t > 0,
so the positivity of the solution for system (1) is proved.

Basic reproduction number
The COVID-19-free equilibrium (CFE) of the system (1) is gained by putting
the right-hand side of the system (1), and solving the equations where IE =
V = 0. Then, we have

E0 = (S∗

E, I
∗

E,M
∗

1 ,M
∗

2 , C
∗

N , C
∗

M , V
∗) = (

ψs

µs

, 0,
ψr

µr

, 0, 0, 0, 0). (2)

To proving the local stability of CFE, we apply the next-generation matrix
method to the model (1). According to the [16] the F and V, defined as
the new infection terms and transition terms of the infected subsystem, is
formed by the differential equations for classes IE, V , and SE in model Eqs.
1), respectively, are presented by

F =







0 ξ
ψs

µs

0

ηψv 0 0
0 0 0






,

V =







µi + ρ 0 0
0 µv 0

−ρ ξ
ψs

µs

µs






.

Therefore, the basic reproduction number (R0) can be obtained by calculat-
ing the spectral radius (which is defined as the largest amount of eigenvalues)
of FV −1. Hence

R0 =
ξψsηψv

(ρ+ µi)µsµv

. (3)

Biologically, the basic reproduction number represents the portion of each
infectious and infection class (in this work, infected epithelial cells, and the
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virus) in the infection procedure. Equation 3 is product of the infection
rate of healthy epithelial cells by COVID-19 (ξS∗

E
), number of SARS-COV2

released on lysis of infected cells(ψ − vη), and the expected duration of in-
fectiousness of SARS-COV2( 1

(ρ+ µ− i)µv

).

Local stability of CFE
For the local stability of CFE, we present the below theorem.

Theorem 0.2 The COVID-19-free equilibrium (CFE) E0, of the system (1),
is locally stable whenever R0 < 1 and unstable if R0 > 1.

Proof : The jacobian matrix of the system (1) around CFE (E0) is given
by

J =




















−µs ρ 0 0 0 0 −ξ
ψs

µs

0 −(µi + ρ) 0 0 0 0 ξ
ψs

µs

0 0 −µr κ 0 0 −α
ψr

µr

0 0 0 −(µa + κ) 0 0 α
ψr

µr

0 0 0 0 −µn 0 0
0 0 0 0 0 −µm 0
0 ηψv 0 0 0 0 −µv




















.

Proving the equilibrium stability of system (1) is equivalent to proving that
all eigenvalues of the Jacobin matrix are negative (here we notice that all
entries of the matrix J are real). So, we prove the second part of equivalent.
To do this, we transform matrix J to a higher triangular matrix J

′ , and
perform below row operation

R7 −→ R7 +
ηψv

µi + ρ
×R2.
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As a result of this operation, J is converted to a higher triangular matrix J ′

as follow

J
′

=






















−µs ρ 0 0 0 0 −ξ
ψs

µs

0 −(µi + ρ) 0 0 0 0 ξ
ψs

µs

0 0 −µr κ 0 0 −α
ψr

µr

0 0 0 −(µa + κ) 0 0 α
ψr

µr

0 0 0 0 −µn 0 0
0 0 0 0 0 −µm 0

0 0 0 0 0 0
ξψs

µs

×
ηψv

µi + ρ
− µv






















.

That allows us to identify eigenvalues directly and define stability conditions.
Eigenvalues of the matrix J

′ (or roots of characteristic equation for matrix
J

′) is given by the elements of the main diagonal

λ1 = −µ, λ2 = −(µi + ρ), λ3 = −µr, λ4 = −(µa + κ), λ5 = −µn,

λ6 = −µm, λ7 =
ξψs

µs

×
ηψv

µi + ρ
− µv.

All of the λ1 − λ6 is negative, so for the local stability of CFE, it is enough
to the term of λ7 =

ξψs

µs

×
ηψv

µi + ρ
− µv be negative. That is mean

ξψs

µs

×
ηψv

µi + ρ
− µv < 0,

=⇒
ξηψvψs

µvµs(µi + ρ)
< 1.

On the other hand, R0 =
ξηψvψs

µvµs(µi + ρ)
. Then the proof is completed.

Global stability of CFE
Theorem 0.3 The CFE of the model system (1), given by Eq. 1, is globally
asymptotically stable (GAS) in D whenever R0 ≤ 1 and unstable otherwise.
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Proof : Suppose that

L = m1IE +m2V, (4)

be a Lyapunov function, where

m1 = µsµv + ηψvµs,

m2 = ξψs + µs(ρ+ µi).

Now, we derivative from (4) respect to the t, so we gain

L̇ = m1ξSEV −m1µ1IE −m1ρIE +m2ηψvIE −m2µvV

−m2(γcM2V + γnCNV + γmCMV )

≤ m1ξSEV −m1µ1IE −m1ρIE +m2ηψvIE −m2µvV

= m1ξSEV −m1IE(µ1 + ρ) +m2ηψvIE −m2µvV

= IE[−m1(µ1 + ρ) +m2ηψv] + V [m1ξSE −m2µv],

(Since SE ≤ S∗

E =
ψs

µs

)

≤ IE[−(µsµv + ηψvµs)(µi + ρ) + (ξψs + µs(ρ+ µi))ηψv]

+ V [µsµvξ
ψs

µs

+ ηψvµsξ
ψs

µs

− ξψsµv − µs(ρ+ µi)µv]

= IE[ηξψsψv − µsµv(µi + ρ)] + V [ηξψsψv − µsµv(µi + ρ)]

= IEµsµv(µi + ρ)(R0 − 1) + V µsµv(µi + ρ)(R0 − 1)

= (IE + V )µsµv(µi + ρ)
︸ ︷︷ ︸

>0

(R0 − 1),

(Since R0 ≤ 1)

=⇒ L̇ ≤ 0.

Since all the model parameters and variables are non-negative, it follows that
L̇ ≤ 0 for R0 ≤ 1 and L̇ = 0 if and only if IE = V = 0. Hence, L is a Lya-
punov function on D. Furthermore, D is a compact and absorbing subset of
R

8
+, and the largest compact invariant set in {(SE, IE,M1,M2, CN , CM , V ) ∈

D : L̇ = 0} is the singleton E0. Thus, by Lasalle’s invariance principle ([17]),
IE → 0, V → 0 as t → ∞. Substituting V = IE = 0 into the system (1)
shows that SE → S∗

E,M1 → M∗

1 ,M2 → M∗

2 , CN → C∗

N , and CM → C∗

M ,
and as t → ∞. Hence, every solution of the model system (1), with initial
conditions in D, approaches the CFE, E0, as t → ∞ (that is, the CFE, E0,
is GAS in D) whenever R0 ≤ 1.
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Table 2: Values of parameters of model (1).
Parameters Values Units Sources
η.ψv 19.03 virus.cell−1.day−1 [18]
γc 1.31 day−1 [18]
γn 1.31 day−1 Supposed
γm 1.31 day−1 Supposed
ρ 0.02 day−1 Supposed
ψs 4× 10−3 cells.ml−1.day−1 [12]
ξ 5× 10−9 − 5.61× 10−7 ml.virus−1.day−1 [18]
µs 0.14 day−1 [20]
µi 0.15 day−1 [18]
ψr 0.02 day−1 [19]
αr 0.001 day−1 [19]
µr 0.02 day−1 [19]
κ 0.05-0.08 day−1 [19]
µa 0.02 day−1 [19]
νa 10−7 cell−1 [19]
ψn 4× 10−2 day−1 Supposed
µn 0.01 day−1 Supposed
νn 0.017 cell−1 Supposed
ψm 3.7× 10−3 day−1 Supposed
µm 0.011 day−1 Supposed
νm 0.024 cell−1 Supposed
µv 0.07 day−1 Supposed

Simulation
In this section, we analyzed the proposed model numerically. We used MAT-
LAB software to the illustration of model dynamics especially viral load
graphs. Some uncertainty parameters are found through recently published
works that are cited in Table 2, and some others which are not considered
on others COVID-19 works are logically assumed. In figure 3 , based on
proposed model, we depict viral load process in blood by considering un-
certainty parameters as follows: η.ψv = 19.03, γc = 1.31, γn = 1.31, γm =
1.31, ψs = 4 × 10−3, ξ = 5 × 10−9, µs = 0.14, µi = 0.15, ψr = 0.02, αr =
0.001, µr = 0.02, κ = 0.05, µa = 0.02, νa = 10−7, ψn = 4 × 10−2, µn =
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Figure 2: Viral load dynamic. The blue and red solid lines represent the
viral load with and without innate immune response agains the COVID-19
virus, respectively.

0.01, νn = 0.017, ψm = 3.7× 10−3, µm = 0.011, νm = 0.024.
According to Figure 2 (solid blue line), the count of the virus dramat-

ically increased in the first 2 − 3 days and reached maximum levels. Upon
activation of innate immune system cells, viral load is gradually decreased
to the normal value in which during 30 days, near-to-normal values were
achieved (see Figure 2). Next, the impact of innate immune response on sys-
temic biodistribution of SARS-CoV-2 virus (viremia = presence of virus in
the blood) was investigated. In Figures 3-6, different values associated with
innate immune cells parameters were plotted. Based on data, the impact of
ξ, the rate on viral attachment to epithelial cells, and viral load were assessed
in Figure 3. It was suggested that there is a direct association between the ξ
values and viral load levels. By increasing the ξ values, the capacity of viral
load is also heightened. Commensurate with these comments, the parameter
ξ has a direct effect on the replication of the SARS-CoV-2 virus. As shown
in Figure 4, there is an inverse correlation between the replication of the
SARS-CoV-2 virus and γc values (the rate of virus clearance by activated
macrophages). It seems that the activation of macrophages and increased
polarization of resting macrophages to activated state can help the body to
clear more virions (active viral particles) directly by macrophage bioactivity
or stimulation other cell types via releasing cytokines. These data support
the notion that the parameter γc can be conceived as a prevention factor
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Figure 3: Viral load showing. Here, rate of viral attachment to epithelial cell
(ξ) is varied between 0 − 1 with η.ψv = 19.03, γc = 1.31, γn = 1.31, γm =
1.31, ψs = 4 × 10−3, µs = 0.14, µi = 0.15, ψr = 0.02, αr = 0.001, µr =
0.02, κ = 0.05, µa = 0.02, νa = 10−7, ψn = 4 × 10−2, µn = 0.01, νn =
0.017, ψm = 3.7× 10−3, µm = 0.011, νm = 0.024.

0 5 10 15 20 25 30
0

1

2

3

4

5

Time (daily)

 V
ira

l l
oa

d 
(×

 1
09 )

 γ
c
=1

 γ
c
=0

Figure 4: Viral load showing. Here, rate of virus clearance by macrophages
(γc) is varied between 0− 1 with η.ψv = 19.03, ξ = 5× 10−9, γn = 1.31, γm =
1.31, ψs = 4 × 10−3, µs = 0.14, µi = 0.15, ψr = 0.02, αr = 0.001, µr =
0.02, κ = 0.05, µa = 0.02, νa = 10−7, ψn = 4 × 10−2, µn = 0.01, νn =
0.017, ψm = 3.7× 10−3, µm = 0.011, νm = 0.024.
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Figure 5: Viral load showing. Here, rate of virus clearance by neutrophils
(γn) is varied between 0−1 with η.ψv = 19.03, γc = 1.31, γm = 1.31, ψs = 4×
10−3, ξ = 5× 10−9, µs = 0.14, µi = 0.15, ψr = 0.02, αr = 0.001, µr = 0.02, κ =
0.05, µa = 0.02, νa = 10−7, ψn = 4 × 10−2, µn = 0.01, νn = 0.017, ψm =
3.7× 10−3, µm = 0.011, νm = 0.024.
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Figure 6: Viral load showing. Here, rate of virus clearance by monocyte (γm)
is varied between 0 − 1 with η.ψv = 19.03, γc = 1.31, γn = 1.31, ψs = 4 ×
10−3, ξ = 5× 10−9, µs = 0.14, µi = 0.15, ψr = 0.02, αr = 0.001, µr = 0.02, κ =
0.05, µa = 0.02, νa = 10−7, ψn = 4 × 10−2, µn = 0.01, νn = 0.017, ψm =
3.7× 10−3, µm = 0.011, νm = 0.024.
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following COVID-19 infection. It can be postulated that the increase of
activated macrophages in target tissues and circulating monocytes can be
proposed as a defensive mechanism in response to viral infection. Therefore,
any modalities that contribute to in situ macrophage density via enhanced
polarization and monocyte recruitment can be proposed as a therapeutic
strategy. Fortunately, this approach is possible in a clinical setting after the
conduction of laboratory experiments. In Figures 5 and 6, it was notified
that reducing viral load can result in the elevation of blood neutrophils and
monocytes, respectively. This effect is associated with the reduced recruit-
ment of these cells from the blood into the affected area. The reduction
of neutrophils and monocytes would be related to severe viral infection and
higher epithelial cell infectivity that need urgent recruitment of neutrophils
and monocytes. Also, based on Figure 4-6, it was graphically proven that
the impact of monocytes count is higher than neutrophil in order to viral
clearance, and activated macrophages have the strongest influence.

Conclusion
We mathematically modeled the interaction between SARS-CoV-2 and in-
nate immune cells as an in-host model. In this model, we considered the
most effective innate immune cells against SARS-CoV-2 like macrophages,
neutrophils, and monocyte. In the modeling procedure, we discussed the
transmission of the virus to the blood and how innate immune cells act
against this virus. Also, based on mathematical approaches, we analyzed
the stability of the proposed model. Here, the question is this: how this re-
search can be beneficial, and how other researchers can take advantage of the
present study. To answer this question, we recall the result of the simulation
section. Because we proved the impact of the vital parameters in the model
versus the virus, related researchers in vaccine development will be able to
use these results in their study. In future work, we can investigate this study
on different classes of people, and explore the impact of the innate immune
response of different people against the virus.

Data availability
No datasets were generated or analyzed during the current study.
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