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Unraveling the relationship between COVID-19 viral
load, disease severity, and innate immune response:

Insights from mathematical modeling and sensitivity
analysis

M. Lotfi, A. Jabbari*, , R. Rahbarghazi and H. Kheiri

Abstract

Coronavirus disease 2019 (COVID-19) created a global health crisis and highlighted the need
for a mechanistic understanding of the interactions between SARS-CoV-2 and host immune
responses. Although numerous mathematical models have described COVID-19 at the epi-
demiological scale, fewer studies have examined within-host viral dynamics and innate immune

*Corresponding author

Received ??? ; revised ??? ; accepted ???

Mehdi Lotfi
Institute of Bioinformatics, University Medicine Greifswald, Greifswald, Germany.

Azizeh Jabbari
Department of Applied Mathematics, Faculty of Mathematical Sciences, University of Tabriz, Tabriz, Iran.
e-mail: a_jabari@tabrizu.ac.ir

Reza Rahbarghazi
Department of Applied Cell Sciences, Faculty of Advanced Medical Sciences, Tabriz University of Medical
Sciences, Tabriz, Iran.

Hossein Kheiri
Department of Applied Mathematics, Faculty of Mathematical Sciences, University of Tabriz, Tabriz, Iran.

How to cite this article
Lotfi, M., Jabbari, A., Rahbarghazi, R. and Kheiri, H., Unraveling the relationship between COVID-19 viral
load, disease severity, and innate immune response: Insights from mathematical modeling and sensitivity
analysis. Iran. J. Numer. Anal. Optim., ??; ??(??): ??-??. ??

1

https://doi.org/10.22067/ijnao.2026.99453.1899
https://ijnao.um.ac.ir/
https://orcid.org/0000-0003-3646-5494
https://orcid.org/0000-0002-2598-7820


Lotfi, Jabbari, Rahbarghazi and Kheiri 2

mechanisms. In this study, we develop a nonlinear ordinary differential equation model de-
scribing interactions among SARS-CoV-2, epithelial cells, resting and activated macrophages,
neutrophils, and monocytes. We establish the nonnegativity of solutions, derive the within-host
basic reproduction number, and analyze the local and global stability of the COVID-19-free
equilibrium. Parameters are calibrated using two clinical datasets representing mild, severe,
and intensive care unit (ICU) cases. The calibrated simulations indicate that mild disease is
associated with faster viral clearance, more effective immune-mediated viral removal, and bet-
ter epithelial recovery, whereas severe and ICU cases exhibit delayed clearance, dysregulated
neutrophil dynamics, and greater virus-associated immune-cell loss. The corrected normal-
ized sensitivity indices show that viral entry, healthy epithelial-cell renewal, infected-cell lysis,
and viral production increase the basic reproduction number, whereas infected-cell recovery,
cell loss, and viral clearance reduce it. These findings provide quantitative insight into how
innate immune dysregulation may contribute to COVID-19 severity and identify the model
mechanisms that most strongly influence within-host viral persistence.

AMS subject classifications (2020): Primary 34A34; Secondary 34D20, 92C37.

Keywords: SARS-CoV-2; COVID-19; innate immune dynamics; within-host modeling; sensi-
tivity analysis.

1 Introduction

Infectious-disease outbreaks have historically posed major threats to human societies. The Plague
of Justinian in the sixth century and the Black Death in the fourteenth century caused substantial
mortality, while smallpox and cholera have also profoundly affected global health [13, 17]. These
examples illustrate the persistent influence of infectious diseases on human survival and social
development.

In late 2019, a novel coronavirus, subsequently named severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), was identified in Wuhan, Hubei Province, China, in association
with severe respiratory illness. Despite early containment efforts, the virus spread rapidly and
resulted in a global pandemic. By 13 July 2021, more than 186 million confirmed infections and 4
million deaths had been reported worldwide [26]. SARS-CoV-2 primarily affects the respiratory
tract and can produce symptoms including fever, cough, fatigue, dyspnea, and myalgia [4].

Coronaviruses are enveloped, single-stranded RNA viruses belonging to the family Coron-
aviridae. They infect several animal species and humans. SARS-CoV-2 is transmitted predom-
inantly through respiratory particles, particularly during close contact. Since the beginning of
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the pandemic, extensive research has focused on vaccines, antiviral treatments, and supportive
clinical management.

Many epidemiological models have evaluated the effects of self-isolation, mask use, social
distancing, hygiene practices, and other public-health interventions on COVID-19 transmission
[8, 14, 19, 20, 21]. In contrast, fewer within-host models have investigated viral replication, host–
virus interactions, and the effects of immune or therapeutic mechanisms [5, 11, 16]. Epidemi-
ological models support population-level decision-making, whereas within-host models provide
complementary insight into cellular and immunological processes that determine viral persistence
and disease progression.

The present study develops a within-host mathematical model describing interactions be-
tween SARS-CoV-2 and major components of the innate immune response. The model is ana-
lyzed with respect to nonnegativity, global existence, the within-host reproduction number, and
the stability of the COVID-19-free equilibrium (CFE). We then calibrate unknown parameters
using clinical measurements from groups with different disease severities, including mild, severe,
and intensive care unit (ICU)-admitted patients. Finally, we compare simulated immune-cell and
viral-load trajectories and perform a normalized sensitivity analysis of the reproduction number.

2 Innate immune response

Innate immunity constitutes the first line of defense against invading pathogens. It acts rapidly
and nonspecifically to restrict pathogen entry, replication, and dissemination. The innate im-
mune system includes macrophages, eosinophils, natural killer cells, dendritic cells, mast cells,
neutrophils, basophils, and other cell populations arising from distinct developmental lineages.
Many of these cells originate in the bone marrow, enter the circulation, and migrate to epithelial,
mucosal, and connective tissues, where they provide immediate protection.

Granulocytes, including neutrophils, basophils, and eosinophils, contain intracellular gran-
ules that are released following activation. Neutrophils and macrophages can also engulf and
destroy foreign material through phagocytosis. Enzymatic activity, phagocytosis, cytokine se-
cretion, and cell-to-cell signaling collectively contribute to pathogen clearance and coordinate the
early host response. Innate immune cells also interact closely with the adaptive immune system
and influence the subsequent development of antigen-specific immunity [23].

In SARS-CoV-2 infection, innate immune mechanisms restrict viral entry, translation, repli-
cation, and assembly; promote the recognition and removal of infected cells; and support the
initiation of adaptive immune responses [1]. The present model focuses on monocytes, rest-
ing and activated macrophages, and neutrophils. These populations were selected because they
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Figure 1: Key immune-cell populations involved in the innate response to SARS-CoV-2. Following exposure to
the virus, resting macrophages convert into activated macrophages and can revert to the resting state through
macrophage polarization [18]. Activated macrophages release signaling molecules that recruit monocytes from
the circulation to the site of infection, thereby increasing macrophage numbers in affected tissues. They also
secrete inflammatory mediators that enhance the activity of granulocytes such as neutrophils. The coordinated
interactions among these innate immune cells help restrict viral replication and limit the spread of SARS-CoV-
2.

are central to the early antiviral response and because clinical data describing neutrophil and
monocyte dynamics were available for model calibration. This reduced representation yields a
tractable model while retaining key features of the innate response.

3 Model construction

The proposed within-host model describes interactions among SARS-CoV-2, epithelial cells, and
selected innate immune-cell populations, as illustrated in Figure 1. The state variables are
SE(t), uninfected epithelial cells; IE(t), infected epithelial cells; M1(t), resting macrophages;
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M2(t), activated macrophages; CN (t), neutrophils; CM (t), monocytes; and V (t), free viral load.
Definitions of the state variables and parameters are provided in Table 1. The within-host
dynamics are described by the following nonlinear system of ordinary differential equations:

dSE
dt

= ψs − ξSEV − µsSE + ρIE ,

dIE
dt

= ξSEV − µiIE − ρIE ,

dM1

dt
= ψr − αrM1V − µrM1 + κM2, (1)

dM2

dt
= αrM1V − µaM2 − κM2 − νaM2V,

dCN
dt

= ψnM2CN − µnCN − νnCNV,

dCM
dt

= ψmM2CM − µmCM − νmCMV,

dV

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

3.1 Biological interpretation of the proposed model

(1) Healthy epithelial cells: These cells form the epithelial lining of mucosal surfaces and
alveolar structures. They are renewed from progenitor cells at rate ψs, become infected
through the mass-action term ξSEV , and are lost naturally at rate µsSE . The term ρIE

represents recovery or replacement of infected epithelial cells before irreversible cytopathic
injury.

(2) Infected epithelial cells: New infected cells are generated at rate ξSEV . They are
removed by natural or infection-associated loss at rate µiIE and return to the uninfected
compartment through the recovery term ρIE .

(3) Resting macrophages: Resting macrophages are recruited at rate ψr and are lost
naturally at rate µrM1. Viral exposure activates them at rate αrM1V , whereas activated
macrophages revert to the resting state at rate κM2.

(4) Activated macrophages: Activated macrophages arise through virus-dependent activa-
tion of resting macrophages. Their population declines through natural loss and reversion
at rate (µa + κ)M2, and through virus-associated loss at rate νaM2V .
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(5) Neutrophils: The term ψnM2CN represents macrophage-associated neutrophil recruit-
ment or expansion. Neutrophils are lost naturally at rate µnCN and through virus-
associated loss at rate νnCNV .

(6) Monocytes: Macrophage-associated monocyte recruitment or expansion is represented
by ψmM2CM . Natural and virus-associated losses occur at rates µmCM and νmCMV ,
respectively.

(7) Free virus: Viral particles are produced from infected epithelial cells at rate ηψvIE . They
are removed naturally at rate µvV and through the actions of activated macrophages,
neutrophils, and monocytes at rates γcM2V , γnCNV , and γmCMV , respectively.

4 Basic properties of the model

4.1 Existence, positivity, and boundedness

Because the right-hand side of system (1) is locally Lipschitz continuous on R7
+, a unique local

solution exists for every nonnegative initial condition.

Theorem 1. For every nonnegative initial condition, the solution of system (1) remains nonneg-
ative for all times for which it exists. Moreover, the total epithelial-cell population E = SE+ IE ,
the total macrophage population Q = M1 +M2, and the viral load V are ultimately bounded.
The neutrophil and monocyte variables cannot undergo finite-time blow-up. If ψnM2 < µn and
ψmM2 < µm for an eventual upper bound M2 of M2, then CN and CM are also ultimately
bounded.

Proof. On the boundary of the nonnegative orthant,

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

= ηψvIE ≥ 0.
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Table 1: Definitions of the state variables and parameters used in the proposed model.
Variables Description
SE(t) Population of uninfected epithelial cells
IE(t) Population of epithelial cells infected with the virus
M1(t) Population of resting macrophages
M2(t) Population of activated macrophages
CN (t) Population of neutrophils
CM (t) Population of monocytes
V (t) Viral load (free virus particles)
Parameters Description
ψv Viral output produced from lysed infected cells
η Rate of lysis of infected epithelial cells
γc Removal of virus particles by macrophages
γn Removal of virus particles by neutrophils
γm Removal of virus particles by monocytes
ψs Renewal of healthy epithelial cells from progenitors
ξ Rate of viral infection of epithelial cells
µs Turnover (loss) of healthy epithelial cells
µi Turnover (loss) of infected epithelial cells
ψr Recruitment rate of resting macrophages
αr Transition of resting macrophages into activated form
µr Loss of resting macrophages
κ Reversion of activated macrophages to the resting state
µa Loss of activated macrophages
νa Virus-driven loss of activated macrophages
ψn Recruitment of neutrophils induced by macrophages
µn Loss of neutrophils
νn Virus-driven loss of neutrophils
ψm Recruitment of monocytes induced by macrophages
µm Loss of monocytes
νm Virus-driven loss of monocytes
µv Natural clearance rate of free virus

Thus, the vector field is inward-pointing on every boundary hyperplane, and all state variables
remain nonnegative.

Let E = SE + IE and µE = min{µs, µi}. Then

dE

dt
= ψs − µsSE − µiIE ≤ ψs − µEE,

which implies
lim sup
t→∞

E(t) ≤ ψs
µE

.
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Similarly, for Q =M1 +M2 and µQ = min{µr, µa},

dQ

dt
= ψr − µrM1 − µaM2 − νaM2V ≤ ψr − µQQ,

and therefore
lim sup
t→∞

Q(t) ≤ ψr
µQ

.

Since IE is bounded,
dV

dt
≤ ηψvIE − µvV

provides an ultimate bound for V . Because M2 and V are bounded, the equations for CN
and CM are scalar linear equations with bounded time-dependent coefficients. Hence, these
variables remain finite on every finite time interval, and the local solution extends globally. The
additional inequalities stated in the theorem yield exponential comparison bounds and ultimate
boundedness of CN and CM .

4.2 Basic reproduction number

The CFE (COVID-19-free equilibrium) is obtained by setting IE = M2 = CN = CM = V = 0

and solving the remaining steady-state equations:

E0 =

(
ψs
µs
, 0,

ψr
µr
, 0, 0, 0, 0

)
.

For the infected variables x = (IE , V )T , the next-generation decomposition at E0 is

F =

(
0 ξψs/µs

0 0

)
, V =

(
µi + ρ 0

−ηψv µv

)
.

Using the next-generation matrix method [2], the basic reproduction number is

R0 = ρ
(
FV−1

)
=

ξψsηψv
(µi + ρ)µsµv

. (2)

Biologically, R0 represents the expected number of newly infected epithelial cells generated by
one infected epithelial cell in an otherwise susceptible within-host environment. It combines
target-cell availability, viral entry and production, the duration of infected-cell survival, and
free-virus persistence.
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4.3 Local stability of the CFE

Theorem 2. The CFE E0 is locally asymptotically stable if R0 < 1 and unstable if R0 > 1.

Proof. At E0, five eigenvalues of the Jacobian are

−µs, −µr, −(µa + κ), −µn, −µm.

The remaining two eigenvalues are those of the infected subsystem

A =

(
−(µi + ρ) ξψs/µs

ηψv −µv

)
.

The trace of A is negative, and

det(A) = (µi + ρ)µv −
ξψsηψv
µs

= (µi + ρ)µv(1−R0).

Consequently, both eigenvalues of A have negative real parts when R0 < 1. When R0 > 1,
det(A) < 0, so A has one positive eigenvalue and E0 is unstable.

4.4 Global stability of the CFE

Define
Ω0 =

{
(SE , IE ,M1,M2, CN , CM , V ) ∈ R7

+ : SE + IE ≤ ψs
µs

}
.

If µi ≥ µs, the set Ω0 is positively invariant for initial data satisfying SE(0) + IE(0) ≤ ψs/µs.

Theorem 3. Within Ω0, the CFE E0 is globally asymptotically stable whenever R0 ≤ 1.

Proof. Consider the Lyapunov function

L = IE +
µi + ρ

ηψv
V.

Along solutions of system (1),

L̇ = ξSEV − (µi + ρ)IE

+
µi + ρ

ηψv
(ηψvIE − µvV − γcM2V − γnCNV − γmCMV )
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≤
(
ξSE − (µi + ρ)µv

ηψv

)
V.

Since SE ≤ ψs/µs in Ω0,

L̇ ≤ (µi + ρ)µv
ηψv

(R0 − 1)V ≤ 0

whenever R0 ≤ 1. By the boundedness results above, each trajectory in Ω0 is contained in a
compact positively invariant subset of the nonnegative state space. The largest invariant subset
of {L̇ = 0} is characterized by V = IE = 0. The remaining equations then imply

SE → ψs
µs
, M1 → ψr

µr
, M2, CN , CM → 0.

LaSalle’s invariance principle therefore establishes the global asymptotic stability of E0 in Ω0.

5 Simulation and discussion

Numerical simulations were performed in Julia to examine viral-load trajectories, estimate un-
known parameters, and evaluate the sensitivity of R0. Some parameter values were obtained from
published studies, as summarized in Table 2, whereas parameters not available from previous
within-host COVID-19 models were estimated separately for the two clinical datasets.

Table 2: Fixed parameter values used in the proposed model.

Parameter Value Unit Source
ηψv 1/19.03 virus cell−1 day−1 [3]
γc 1.31 day−1 [3]
ψs 4× 10−3 cellsmL−1 day−1 [12]
ξ 5× 10−9–5.61× 10−7 mLvirus−1 day−1 [3]
µs 0.14 day−1 [22]
µi 0.15 day−1 [3]
ψr 0.02 day−1 [6]
αr 0.001 day−1 [6]
µr 0.02 day−1 [6]
κ 0.05–0.08 day−1 [6]
µa 0.02 day−1 [6]
νa 10−7 cell−1 [6]

Iran. J. Numer. Anal. Optim., Vol. ??, No. ??, ??, pp ??
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5.1 Datasets

The first dataset, reported in [24], included 116 confirmed COVID-19 cases in Wenzhou, China,
between 19 January and 20 February 2020. Twenty-seven patients were classified as severe,
of whom nine required ICU treatment. Severe disease was defined using clinical criteria in-
cluding elevated respiratory rate, reduced resting oxygen saturation, impaired oxygenation
(PaO2/FiO2 ≤ 300mmHg), or rapid radiographic progression. ICU admission was associated
with respiratory failure requiring mechanical ventilation, circulatory shock, or multiorgan dys-
function. Neutrophil and monocyte measurements from the severe ICU and severe non-ICU
subgroups were used for parameter estimation.

The second dataset, reported in [9], included 61 patients divided into mild (42 patients)
and severe (19 patients) groups. Mild cases ranged from limited symptoms without radiographic
pneumonia to fever and respiratory symptoms with imaging-confirmed pneumonia. Severe cases
met criteria similar to those used in the first dataset. In the remainder of this study, the first
and second datasets are denoted by ref1 and ref2, respectively.

5.2 Parameter estimation

Table 3: Estimated parameter values for the different clinical groups.
Parameter Severe ICU (ref1) Severe (ref1) Mild (ref2) Severe (ref2) Unit Source
γn 0.05 0.05 0.1 0.05 day−1 Estimated
γm 0.05 0.093 0.1 0.05 day−1 Estimated
ρ 0.05 0.0025 0.05 4.1× 10−10 day−1 Estimated
ψn 0.17 0.338 0.0096 0.08 model-specific Estimated
µn 0.093 0.196 0.0156 0.076 day−1 Estimated
νn 8.5 5.7× 10−8 0.5 8.5 model-specific Estimated
ψm 0.15 0.294 0.096 0.053 model-specific Estimated
µm 0.08 0.164 0.0359 0.028 day−1 Estimated
νm 0.5 0.5 0.01 0.1 model-specific Estimated
µv 0.03 0.03 0.29 0.03 day−1 Estimated

Unknown parameters were estimated independently for each severity group. For each dataset,
the objective function was defined as the sum of squared differences between the observed neu-
trophil and monocyte measurements and the corresponding model outputs. A genetic algorithm
was used to explore the nonlinear parameter space because the objective function may be mul-
timodal and the parameters may interact strongly.
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(a)

(b)

Figure 2: Goodness of fit between model simulations and clinical data. (a) Results based on dataset ref1,
showing monocyte and neutrophil dynamics in severe and severe ICU patients. (b) Results based on dataset
ref2, showing monocyte and neutrophil dynamics in mild and severe patients. In both datasets, the model
reproduces the observed temporal patterns, indicating good agreement with the clinical data.
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13 Unraveling the relationship between COVID-19 viral load, disease severity, and innate immune ...

Table 3 summarizes the estimated values, and Figure 2 compares the model simulations
with the clinical observations. Because only a limited number of group-level time points were
available, the fitted curves should be interpreted as calibrated representations of the reported
temporal patterns rather than as individual-patient predictions.

5.3 Estimated parameters and disease severity

Figure 3 highlights differences in the estimated parameters after normalization relative to the mild
group. Neutrophil-mediated viral clearance (γn) was greatest in the mild ref2 group. Monocyte-
mediated viral clearance (γm) was also high in the mild ref2 and severe ref1 groups, suggesting
that effective monocyte activity may contribute to viral control in some noncritical cases. The
epithelial recovery parameter ρ was substantially lower in severe ref1 and nearly zero in severe
ref2 patients, indicating impaired epithelial restoration in these groups.

Neutrophil recruitment or expansion (ψn) and natural loss (µn) were highest in severe ref1
patients, consistent with a highly dynamic and potentially dysregulated neutrophil response.
Virus-associated neutrophil loss (νn) varied markedly across groups and was high in severe ICU
ref1 and severe ref2 patients but negligible in severe ref1. This large between-dataset variability
may reflect cohort differences, limited sampling, or practical parameter-identifiability constraints.
Monocyte recruitment or expansion (ψm) was greater in severe ref1 than in severe ICU ref1 and
was higher in mild than severe ref2. Virus-associated monocyte loss (νm) was substantially lower
in the mild group than in either ref1 severe group. Finally, the natural viral-clearance rate µv
was much higher in mild ref2 than in the other groups.

Overall, the estimated parameter patterns support a cautious interpretation: mild disease
is associated with more efficient viral clearance and epithelial recovery, whereas severe disease is
characterized by impaired repair and dysregulated immune-cell turnover. Recruitment estimates
do not change monotonically with severity; therefore, elevated recruitment should not automati-
cally be interpreted as an effective response, because excessive innate-cell activation may coexist
with tissue injury.

5.4 Initial conditions

The initial-condition vector was ordered as

Iran. J. Numer. Anal. Optim., Vol. ??, No. ??, ??, pp ??
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Figure 3: Estimated parameter patterns across the clinical groups. Mild cases show stronger natural viral
clearance (µv) and more effective epithelial recovery (ρ). Severe and ICU cases show impaired epithelial
repair, heterogeneous neutrophil and monocyte recruitment or expansion (ψn, ψm), and, in several groups,
increased virus-associated immune-cell loss (νn, νm). The recruitment parameters do not vary monotonically
with disease severity.

u0 = [SE(0), IE(0),M1(0),M2(0), CN (0), CM (0), V (0)].

The values were selected using the reported severity-dependent immune-cell measurements and
values adopted in related within-host models [7, 10, 25]. For both severe ICU and severe non-ICU
groups in ref1, we used

u0 = [0.4, 3× 10−8, 0, 1, 2.5, 0.3, 357× 10−6].

For the mild ref2 group, we used

u0 = [0.4, 3× 10−8, 0, 1, 3.8, 0.46, 357× 10−6],

whereas the severe ref2 group was initialized with

u0 = [0.4, 3× 10−8, 0, 1, 6.9, 0.59, 357× 10−6].

These initial conditions reproduce the baseline differences reported for the patient groups and
should be interpreted as group-level calibration inputs rather than individualized clinical states.
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5.5 Dynamics of neutrophils, monocytes, and viral load
across severity groups

Figure 4 compares the simulated neutrophil, monocyte, and viral-load trajectories for the four
severity groups. Viral load is displayed on a log10 scale. All groups exhibit an early decline, but
the mild ref2 group maintains the lowest viral burden and shows the fastest overall clearance. The
severe groups display slower clearance and retain higher viral loads over much of the simulated
period. Because treatment information was not explicitly included in the model, differences in
the simulated decline should be interpreted as consequences of the calibrated parameter sets
rather than as direct effects of intensive-care management or specific therapies.

Figure 4: Simulated trajectories of neutrophils (left), monocytes (middle), and viral load (right) for patient
groups of varying severity from datasets ref1 and ref2. Mild cases (ref2) show lower and more stable neutrophil
counts, sustained monocyte levels, and the fastest viral clearance. Severe and ICU cases exhibit elevated
neutrophils, altered monocyte dynamics, and delayed viral clearance, with severe ref1 patients retaining the
highest viral load throughout the simulation.

The immune-cell trajectories also differ among groups. Neutrophil levels are lowest and
comparatively stable in mild ref2 patients. Severe ref1 patients show a pronounced increase fol-
lowed by a decline, whereas severe ICU ref1 and severe ref2 patients maintain elevated neutrophil
levels. These patterns are consistent with a dysregulated neutrophil response in severe disease,
although the simulations alone cannot establish a causal relationship with tissue injury.

Monocyte levels remain comparatively sustained in mild ref2, severe ref2, and severe ICU
ref1 groups, whereas severe ref1 patients show lower overall levels. Taken together, the model-
calibrated trajectories associate mild disease with rapid viral clearance and more controlled
immune-cell dynamics, while severe and ICU disease is associated with delayed clearance and
heterogeneous innate immune responses.

Iran. J. Numer. Anal. Optim., Vol. ??, No. ??, ??, pp ??
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5.6 Sensitivity analysis

The normalized forward sensitivity index of R0 with respect to a parameter ω is defined by

ΥR0
ω =

∂R0

∂ω

ω

R0
.

A positive index indicates that an increase in the parameter increases R0, whereas a negative
index indicates that an increase decreases R0. From equation (2), the indices are

ΥR0

ξ = 1, ΥR0

ψs
= 1, ΥR0

η = 1, ΥR0

ψv
= 1,

ΥR0
µs

= −1, ΥR0
µv

= −1, ΥR0
µi

= − µi
µi + ρ

, ΥR0
ρ = − ρ

µi + ρ
.

Thus, viral entry (ξ), healthy epithelial-cell renewal (ψs), infected-cell lysis (η), and viral output
(ψv) increase R0 proportionally. In contrast, greater healthy-cell loss (µs), free-virus clearance
(µv), infected-cell loss (µi), and epithelial recovery (ρ) reduce R0. The indices of ξ, ψs, η, ψv, µs,
and µv are exactly ±1 and therefore do not vary among the severity groups. Only the relative
negative contributions of µi and ρ vary because ρ is group-specific.

For severe ICU ref1 and mild ref2, ρ = 0.05 gives

ΥR0
µi

= −0.75, ΥR0
ρ = −0.25.

For severe ref1, the corresponding indices are approximately −0.984 and −0.016, respectively.
For severe ref2, the near-zero value of ρ makes ΥR0

µi
approximately −1 and ΥR0

ρ approximately
zero. Figure 5 displays these corrected indices.

The sensitivity analysis was performed using the normalized-index approach applied in [15].
The results identify viral entry and production as direct promoters of within-host infection.
Conversely, reducing viral entry or production, accelerating free-virus clearance, or improving
the recovery and removal of infected epithelial cells is predicted to reduce R0.

6 Conclusion

We developed and analyzed a within-host mathematical model describing interactions among
SARS-CoV-2, epithelial cells, macrophages, neutrophils, and monocytes. The model preserves
nonnegativity and admits a biologically meaningful CFE. The within-host basic reproduction
number is determined by target-cell availability, viral entry and production, infected-cell recovery
or loss, and free-virus clearance. Local stability analysis shows that the CFE is stable when
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17 Unraveling the relationship between COVID-19 viral load, disease severity, and innate immune ...

Figure 5: Normalized sensitivity indices of R0 with respect to the model parameters, represented using a
tornado diagram. Positive indices identify parameters that increase within-host viral reproduction, whereas
negative indices identify parameters that reduce it.

R0 < 1, and a Lyapunov argument establishes global stability in the stated invariant region
when R0 ≤ 1.

Calibration to two clinical datasets revealed severity-dependent patterns. Mild disease was
associated with faster viral clearance, greater epithelial recovery, and more controlled neutrophil
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behavior. Severe and ICU groups exhibited delayed clearance, heterogeneous recruitment, and
greater virus-associated immune-cell loss. The corrected normalized sensitivity analysis shows
that viral entry and production increase R0, whereas viral clearance, infected-cell recovery, and
cell-loss mechanisms decrease it.

These results demonstrate how within-host mathematical modeling can integrate clinical
immune-cell measurements and generate mechanistic hypotheses regarding COVID-19 severity.
Extension of the model to adaptive immunity, treatment, host heterogeneity, and patient-level
uncertainty may provide broader insight into SARS-CoV-2 and related respiratory viral infec-
tions.
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