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Abstract: The COVID-19 pandemic has spurred extensive research into viral transmission and
control, yet the mechanisms of the human immune response to SARS-CoV-2 remain incompletely
understood, particularly the role of natural killer (NK) cells and cytokine regulation in disease severity.
Mathematical modeling provides a powerful approach to bridge this gap by linking viral dynamics
with immune interactions. In this work, we developed a mechanistic within-host model, formulated
in a system of coupled ordinary and delayed differential equations, to investigate the contributions
of NK cell activity, interferon signaling, and pro-inflammatory cytokines to viral clearance and
disease outcome. Model parameters were estimated from experimental data, and computational
simulations were used to explore how dysregulated NK responses and cytokine feedback loops
may drive divergent clinical outcomes. Local sensitivity analysis identified the most influential
parameters shaping host–pathogen dynamics, highlighting potential control points for intervention.
In addition, knockdown simulations were performed to mimic potential therapeutic interventions,
allowing us to evaluate their advantages and limitations in silico. These findings provided mechanistic
insights into COVID-19 immune dynamics and offered a foundation for guiding the design of future
treatment strategies.
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1. Introduction

Despite an extensive volume of research, the mechanisms governing host immune dynamics in
COVID-19 remain incompletely understood. Severe disease is often associated with
hyperinflammatory responses, yet many studies have relied on heterogeneous cohorts with limited
longitudinal sampling and rarely integrate viral load, cytokine profiles, and immune-cell phenotypes
within the same individuals across disease severity. Confounding factors such as vaccination status,
prior infection, viral variants, and therapeutic interventions further complicate inference [1], while
blood-based measurements may fail to capture immune activity in tissue compartments central to
pathology [2, 3]. As a result, many findings remain correlative, leaving unresolved how cytokine
programs shape immune cell transitions, which feedback loops govern disease resolution versus
escalation, and when interventions are most effective [4, 5].

A hallmark pathology of severe COVID-19 is the cytokine storm, characterized by excessive
cytokine release, immune cell over-activation, and tissue injury [6, 7]. Dysregulated innate and
adaptive responses, including lymphopenia and overactivation of myeloid populations, contribute to
lung injury, multi-organ failure, and poor prognosis [8, 9]. Among immune subsets, natural killer
(NK) cell dysfunction has emerged as an important feature. Although NK cell numbers are generally
preserved, their cytotoxic activity is impaired, often in the context of elevated interleukin-6
(IL-6) [10]. The underlying biology of this dysfunction remains poorly understood, and existing
therapies, including corticosteroids [10], IL-6 inhibitors such as tocilizumab [11], and antivirals like
Paxlovid [12], provide only partial benefits. These findings highlight the need for deeper mechanistic
insight into NK biology and its integration within the broader immune response.

Mathematical modeling has provided valuable tools to explore host–virus interactions in COVID-
19. Differential equation frameworks have been used to capture viral kinetics together with elements of
the innate and adaptive immune response. Such models have reproduced observed clinical trajectories,
including viral load dynamics, lymphocyte depletion, and cytokine production, while also generating
mechanistic hypotheses to explain differences between mild and severe cases [13–15]. By explicitly
linking viral replication with immune-mediated control, these efforts have underscored how the timing
and coordination of immune responses strongly influence disease outcomes.

Among a series of previous within-host modeling studies [16–24], the earlier work based on
ordinary differential equations (ODEs) [16, 18] have focused on therapeutic interventions in an animal
model of COVID-19. Their results showed that antiviral effectiveness depends critically on both
potency and initiation time, and predicting scenarios of viral rebound under short-course early
treatment. Later work [25, 26] incorporated dense, daily viral load sampling (obtained from human
subjects) into mechanistic models to quantify heterogeneity in viral expansion, clearance, and peak
timing, while also linking viral load trajectories to infectiousness. A more recent model [27] extended
and unified these approaches by analyzing a large dataset of viral loads (obtained from the daily
testing program of the National Basketball Association), identifying six distinct shedding patterns and
modeling how immune timing and intensity explain divergent peak loads, durations, and rebound
phenomena. Collectively, these studies highlight how individual-level variation in immune and viral
dynamics shapes both therapeutic outcomes and transmission potential, while emphasizing the central
role of immune heterogeneity and treatment timing in controlling infection.

Despite these advances, NK cells are often absent from within-host models or represented only in
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highly simplified terms. One recent effort explicitly included NK cells [28], but considered only
simplified cytokine-mediated dynamics, leaving NK cell dysfunction unexplored. Other models treat
NK cells as generic innate effectors that aid early viral clearance, without accounting for their
context-dependent impairment [15, 29]. Yet clinical studies suggest that NK cells, while numerically
preserved in many COVID-19 patients, exhibit impaired cytotoxic function, particularly in the
presence of elevated IL-6 [30–33]. The failure to capture these altered effector functions limits our
ability to use models to probe how NK dysfunction contributes to uncontrolled inflammation or
prolonged viral persistence. Likewise, the within-host studies (e.g., [16, 18, 25–27]) did not explicitly
distinguish disease severity by immune or cytokine responses, largely due to limited experimental
data. Incorporating NK dysfunction and cytokine-mediated pathways into a model could therefore
provide new insights into the cellular feedback loops that drive divergent clinical trajectories between
mild and severe disease.

In addition to NK dynamics, cytokine signaling pathways remain incompletely represented in
previous modeling frameworks. While type I interferons (IFN-α or IFN-β) are often included [14],
type II IFN (IFN-γ) and tumor necrosis factor-α (TNF-α) are rarely modeled despite evidence linking
their dysregulation to severe outcomes [7, 34–38].

TNF-α is a pro-inflammatory mediator that recruits immune cells but can also exacerbate
pathology [39–42]. Elevated TNF-α levels are observed in severe COVID-19 [6,7,43], where it drives
infiltration of NK cells, macrophages, neutrophils, and dendritic cells [41, 44]. Anti-TNF-α therapies
have been proposed [44, 45] and shown to reduce hospitalization risk among infected patients [46],
though their prophylactic use in uninfected populations remains uncertain and ethically challenging.

IFN-γ is another cytokine implicated in COVID-19 pathogenesis, with both antiviral and
immunoregulatory functions [47, 48]. Although protective in many infectious diseases [49, 50] and
retaining antiviral activity in COVID-19 [51], reports of IFN-γ levels are inconsistent across
severities [7, 34–36]. Some studies link high IFN-γ to severe disease, others to diminished expression
in critical cases, underscoring its complex role. In addition, a study [52] suggested that IFN-γ and
TNF-α may act synergistically. They showed both trigger macrophage apoptosis, suggesting targeted
inhibition could mitigate immunopathology. This synergy highlights a critical but underexplored
mechanism of COVID-19 and underscores the need for models that jointly incorporate IFN-γ
and TNF-α.

Here, we develop a mathematical model of SARS-CoV-2 infection that explicitly incorporates NK
cytotoxic function and the interactions of TNF-α and IFN-γ with both innate and adaptive immune
responses. Our goal is to move beyond correlative findings and generate mechanistic insights into how
specific cytokine programs and immune subsets drive divergent clinical trajectories. By anchoring our
framework to prior modeling efforts and clinical observations, we aim to clarify how NK cells and
cytokine interactions contribute to immune dysregulation, to identify control points that tip the balance
between viral clearance and immunopathology, and to provide testable predictions for the targeting of
immunomodulatory therapies. Ultimately, this work seeks to advance mechanistic understanding of
COVID-19 pathogenesis and inform future therapeutic strategies.

Our paper is structured as follows: Section 2 provides the description of the mathematical model
we developed (Section 2.1), the model equations (Section 2.2), the parameter estimation and
numerical simulations (Section 2.3), and the well-posedness and positivity of solutions of the model
(Section 2.4). Section 3 provides our main results for mild versus severe disease (Section 3.1), for
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local sensitivity analysis (Section 3.2), and for in silico knockdown analysis on selected immune cells
from mild disease (Section 3.3) and on pro-inflammatory cytokines from severe case (Section 3.4).
We discuss our main findings in a broader context, model limitations, and suggestions for future work
in Section 4. The appendix materials provide more details on the process of parameter estimation and
homeostasis calculation, and additional model results.

2. Mathematical model and methods

2.1. Model description

To study the dynamics of SARS-CoV-2 infection and the immune cell dysfunctions responsible
for severe disease case, we develop a mathematical model of host-pathogen interactions, adapted and
substantially expanded from [14]. While the previous work of [14] focused on type I IFN dynamics
against COVID-19 virus and its relationship to disease severity, we additionally incorporate IFN-γ,
TNF-α, and NK cells into our model due to their critical roles in immune response to COVID-19. IFN-
γ is a pleiotropic cytokine, which acts as a potent antiviral agent, but can induce excessive macrophage
apoptosis [53, 54]. TNF-α is a pro-inflammatory cytokine responsible for the up-regulated production
of other pro-inflammatory cytokines [45] and the recruitment of NK cells. NK cell dysfunction is
observed in severe cases of COVID-19, causing substantially less infected cells to be eliminated [55].

Figure 1 shows a schematic diagram of our model which consists of three main sets of
components: lung epithelial cells, immune cells (both innate and adaptive), and cytokines.
Susceptible lung epithelial cells (S ) that encounter SARS-CoV-2 (V) may become infected (I), as
shown in Figure 1A. Upon infection, the immune response is orchestrated by cytokines that stimulate
resident immune cell subsets and recruit additional cells from the bone marrow and circulation.
Infected cells either die (D) due to viral cytopathic effects or immune-mediated killing by
inflammatory macrophages (MΦI), neutrophils (N), CD8+ T cells (T ), or NK cells (K), or they
produce new viruses through replication. Infected cells also secrete type I IFN [56], which induce
resistance in lung epithelial cells (R) and thereby limit further viral infection [57].

The dynamics of inflammatory macrophages are governed by three distinct pathways: (i)
conversion of tissue-resident alveolar macrophages (MΦR) in response to dead or infected cells [58],
(ii) activation of alveolar macrophages by IFN-γ or TNF-α [59], and (iii) differentiation of monocytes
(M) stimulated by IL-6, TNF-α, and granulocyte-macrophage colony-stimulating factor
(GM-CSF) [60]. Monocytes, recruited by infected cells and GM-CSF, therefore represent a key
precursor population. Once differentiated, inflammatory macrophages clear dead cells but eventually
undergo exhaustion (leading to cell death) during this process. Neutrophils (N) are recruited by IL-6
and G-CSF [61], and can induce collateral damage in both infected and uninfected epithelial
cells [62, 63]. Their levels increase in COVID-19, further elevated by G-CSF and IL-6, which are
strongly up-regulated in severe cases [6]. As part of the adaptive immune response, cluster of
differentiation 8-positive T (CD8+ T) cells (T ) are recruited to infection sites following antigen
recognition, with their expansion modulated positively by type I IFN and negatively by IL-6 [64–66].
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Figure 1. Schematic diagram of immune response to SARS-CoV-2 model. The model in Eqs (2.1)–(2.23) is
illustrated by the detailed dynamics A) for cells, cytokines, and their interactions, B) for cytokine production,
and C) for cell-cytokine binding kinetics. Different lines represent cell recruitment (dotted line with triangle
arrow), induced cell death (double line), cell type change or production (solid line with triangle arrow), cytokine
production (solid line with rhombus arrow), and cytokine inhibition (dotted line with rectangle arrow). A) Virus
(V) infects susceptible lung epithelial cells which can then turn into infected (I) or resistant (R) cells depending
on the concentration of type I IFN and of IFN-γ. Infected cells can die and produce new virus (i.e., viral
replication) or can be removed by inflammatory macrophages (MΦI), CD8+ T cells (T ), neutrophils (N), or NK
cells (K) via apoptosis induction to become dead cells (D). NK cells eliminate target cells and are recruited by
TNF-αwhile IL-6 can inhibit the cytotoxic activity of NK cells. Neutrophils can cause collateral damage (death)
in all epithelial cells, including healthy ones, and are recruited by G-CSF and IL-6 concentrations. CD8+ T cells
are recruited by infected cells and up-regulated by type I IFN concentration while the T cell recruitment being
inhibited by IL-6 concentration. Monocytes (M) are recruited by infected cells and GM-CSF, then differentiate
into inflammatory macrophages based on the concentrations of GM-CSF and IL-6. This differentiation process
can be inhibited by TNF-α. Tissue-resident macrophages (MΦR) also become inflammatory macrophages in
response to the presence of dead and infected cells. The death of inflammatory macrophages can be induced by
dead cells, TNF-α, and IFN-γ. Inflammatory macrophages are responsible for clearing up dead cells. B) Type
I IFN is produced by infected cells, inflammatory macrophages, and monocytes while IFN-γ by T cells and
NK cells. Monocytes are the sole producer of G-CSF. Both monocytes and inflammatory macrophages serve as
producers for IL-6 and GM-CSF though IL-6 is also produced by infected cells. Inflammatory macrophages,
T cells, monocytes, and NK cells all produce TNF-α. C) Each cell-cytokine interaction modeled includes
cytokine receptor binding, internalization process, and unbinding kinetics.
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The production dynamics of cytokines are summarized in Figure 1B. IFN-γ is primarily produced
by T cells and NK cells, enacting antiviral mechanisms [53]. TNF-α, largely secreted by
inflammatory macrophages and monocytes [67, 68], contributes to the excessive inflammation
observed in severe patients [44]. Monocytes serve as major cytokine producers, generating all
cytokines in the model except IFN-γ [69]. IL-6 not only drives monocyte-to-macrophage
differentiation but also inhibits key processes, such as T cell recruitment by infected cells and NK
cell–mediated clearance of infected cells [33]. G-CSF, produced solely by monocytes, further
amplifies neutrophil responses. Cytokines function via receptor-mediated binding. Only free,
unbound cytokines can signal effectively [70]; hence, our model explicitly distinguishes between
bound and unbound cytokines, with receptor binding, internalization, and unbinding kinetics, as
illustrated in Figure 1C.

2.2. Model equations

Our model is formulated as a system of twenty-three coupled nonlinear ordinary and delay
differential equations (Eqs (2.1)–(2.23)) for eleven cell populations and six cytokines, in which, for
each cytokine, both unbound and bound concentrations are modeled explicitly. The dynamics for lung
epithelial cells are adapted from [14], except that IFN-γ now affects the infection and viral replication
processes alongside type I IFN (see Figure 1A). In addition, constants for each cytokine’s average
receptor number used in the corresponding equations (i.e., Eqs (2.12)–(2.23)) are provided
in (A.1)–(A.6). Tables 1 and 2 list the variables and selected biological pathways represented in
the equations.

The complete list of model parameters and their values is summarized in Tables A.1–A.12 in
appendix materials. Throughout the model, interactions between cytokines and cells are described by
both positive (stimulatory) and negative (inhibitory) Hill functions, respectively:

p Zh

Zh + sh ,
p sh

Zh + sh ,

where Z, s, h, and p denote the interacting component, its half-effect value, the Hill coefficient, and the
interaction rate, respectively [71, 72]. In what follows, the production (or recruitment/differentiation)
rate of a given cell X by cytokine Y is denoted by pX,Y ; the half-effect concentration (i.e., s in the Hill
function above) of cytokine X acting on cell population Y by ϵX,Y ; and the half-effect concentration of
cell Y affecting cytokine X by ηX,Y . The natural death rate of cell Y is denoted by dY , and the rate of
induced death of cell Y by cell Z by δY,Z. Lastly, the proliferation rate of cell Y is denoted by λY , with
carrying capacity Ymax.

dV
dt
=

a︷︸︸︷
pI −δV,MΦMΦIV − δV,N NV − dVV, (2.1)

dS
dt
=λS

(
1 −

S + I + R + D
S max

)
S − βS V −

b︷          ︸︸          ︷
ρδNS NhN

NhN + IChN
50,N

, (2.2)
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dI
dt
=

c︷                                                   ︸︸                                                   ︷
β

2

(
ϵF,I

FB + ϵF,I
+

ϵγ,I

γB + ϵγ,I

)
S (t − τI)V(t − τI)−

d︷                      ︸︸                      ︷(
δI,KKI

K + ϵK,I

) (
ϵL,K

LB + ϵL,K

)
−

δN INhN

NhN + IChN
50,N

(2.3)

− δI,MΦI MΦI I−δI,T T I − dI I,

dR
dt
=λS

(
1 −

S + I + R + D
S max

)
R +

c︷                                                   ︸︸                                                   ︷
β

2

(
FB

FB + ϵF,I
+

γB

γB + ϵγ,I

)
S (t − τI)V(t − τI) −

ρδNRNhN

NhN + IChN
50,N

,

(2.4)

dD
dt
=dI I +

δN(ρS + ρR + I)NhN

NhN + IChN
50,N

+ δI,MΦI MΦI I + δI,T T I − dDD (2.5)

+

e︷                                 ︸︸                                 ︷
(δMΦ,D − δD,MΦ)(MΦR + MΦI)D +

d︷                      ︸︸                      ︷(
δI,KKI

K + ϵK,I

) (
ϵL,K

LB + ϵL,K

)
+

f︷                    ︸︸                    ︷(
δMΦI ,γγBαB

γBαB + ϵMΦI ,γ

)
MΦI ,

dMΦI

dt
=aI,MΦI MΦR(I + D) +

g︷              ︸︸              ︷
pMΦI ,GG

hM,MΦI
B M

G
hM,MΦI
B + ϵ

hM,MΦI
G,MΦI

+

h︷                                   ︸︸                                   ︷(
pMΦI ,LLBM
LB + ϵL,MΦI

)  ϵ
hMΦI ,α

α,MΦI

α
hMΦI ,α

B + ϵ
hMΦI ,α

α,MΦI

 (2.6)

−δMΦ,DDMΦI − dMΦI MΦI − λMΦR

(
1 −

MΦR

MΦmax

)
MΦI

V + ϵV,MΦR

−

f︷                    ︸︸                    ︷(
δMΦI,γγBαB

γBαB + ϵMΦI ,γ

)
MΦI ,

dMΦR

dt
= − aI,MΦI MΦR(I + D) − δMΦ,DDMΦR + λMΦR

(
1 −

MΦR

MΦmax

)
MΦI

V + ϵV,MΦR

− dMΦR MΦR, (2.7)

dK
dt
=K∗prodKR +

pK,ααBK
αB + ϵα,K

− dKK, (2.8)

dT
dt
=

pT,I I(t − τT )ϵL,T

LB + ϵL,T
+

i︷     ︸︸     ︷
pT,F FBT
FB + ϵF,T

−

j︷                       ︸︸                       ︷(
δT,KT K
K + ϵK,T

) (
ϵL,K

LB + ϵL,K

)
−dT T, (2.9)

dM
dt
=

k︷                                                 ︸︸                                                 ︷M∗prod +
(
ψMmax − M∗prod

) GhM
B

GhM
B + ϵ

hM
G,M

 MR +
pM,I IM
I + ϵI,M

−

g︷              ︸︸              ︷
pMΦI ,GG

hM,MΦI
B M

G
hM,MΦI
B + ϵ

hM,MΦI
G,MΦI

(2.10)

−

h︷                                   ︸︸                                   ︷(
pMΦI ,LLBM
LB + ϵL,MΦI

)  ϵ
hMΦI ,α

α,MΦI

α
hMΦI ,α

B + ϵ
hMΦI ,α

α,MΦI

−dM M,

dN
dt
=

(
N∗prod +

(
ψNmax − N∗prod

) CBF −C∗BF

CBF −C∗BF + ϵC,N

)
NR +

pN,LLB

LB + ϵL,N
− dN N, (2.11)
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dLU

dt
=

l︷                                         ︸︸                                         ︷
pL,I I

I + ηL,I
+

pL,MΦI MΦI

MΦI + ηL,MΦI

+
pL,M M

M + ηL,M
−

m︷ ︸︸ ︷
klinL LU −

n︷                                ︸︸                                ︷
kBL((M + N + T ) AL − LB)LU +

o︷︸︸︷
kUL LB,

(2.12)

dLB

dt
= −

p︷ ︸︸ ︷
kintL LB +

n︷                                ︸︸                                ︷
kBL((M + N + T ) AL − LB)LU −

o︷︸︸︷
kUL LB, (2.13)

dFU

dt
=

pF,I I
I + ηF,I

+
pF,MΦI MΦI

MΦI + ηF,MΦI

+
pF,M M

M + ηF,M
− klinF FU − kBF ((I + T ) AF − FB)FU + kUF FB, (2.14)

dFB

dt
= − kintF FB + kBF ((I + T ) AF − FB)FU − kUF FB, (2.15)

dγU

dt
=

pγ,T T
T + ηγ,T

+
pγ,KK

K + ηγ,K
− klinγγU − kBγ

(
(I + T + MΦI) Aγ − γB

)
γU + kUγ

γB, (2.16)

dγB

dt
= − kintγγB + kBγ

(
(I + T + MΦI) Aγ − γB

)
γU − kUγ

γB, (2.17)

dαU

dt
=

pα,T T
T + ηα,T

+
pα,MΦI MΦI

MΦI + ηα,MΦI

+
pα,M M

M + ηα,M
+

pα,KK
K + ηα,K

− klinααU (2.18)

− kBα ((I + T + MΦI + K + M) Aα − αB)αU + kUα
αB,

dαB

dt
= − kintααB + kBα ((I + T + MΦI + K + M) Aα − αB)αU − kUα

αB, (2.19)

dGU

dt
=

pG,MΦI MΦI

MΦI + ηG,MΦI

+
pG,M M

M + ηG,M
− klinGGU − kBG (MAG −GB) GU + kUGGB, (2.20)

dGB

dt
= − kintGGB + kBG (MAG −GB) GU − kUGGB, (2.21)

dCU

dt
=

pC,M M
M + ηC,M

− klinCCU − kBC (NAC −CB) (CU)W + kUCCB, (2.22)

dCB

dt
= − kintCCB + kBC (NAC −CB) (CU)W − kUCCB. (2.23)

The dynamics for virus V , susceptible S , infected I, resistant R, and dead D cells (in
Eqs (2.1)–(2.5)) are adapted from [14] with the effect of additional terms including NK cells, IFN-γ,
and TNF-α incorporated. Virus replicates at rate of p (pathway a) from infected cells while its
clearance is modulated by inflammatory macrophages via apoptosis and neutrophils. The susceptible
cell population is governed by a logistic growth at rate λS , their infection interacting with virus at rate
β, and bystander damage of epithelial cells by neutrophils (pathway b) through the release of reactive
oxygen species [62, 63] using a Hill function.

The concentrations of bound type I IFN (FB) and bound IFN-γ (γB) regulate the creation of infected
and resistant cells [51,73] in that the increased concentrations of both IFNs make more cells to become
resistant to infection while making less cells infected, as reflected in Eqs (2.3) and (2.4) or pathway
c. The potency of this regulation is governed by the half-effect parameters, ϵF,I and ϵγ,I . The delay τI

represents the eclipse phase (i.e., time elapsed between successful cell infection and the start of virus
production), after which infected cells begin to actively produce virus until undergoing their lytic death
at rate dI . Though various immune cells contribute to the clearance of infected cells, in our model we
consider only macrophages and CD8+ T cells, which lead to the apoptosis-induced death at rates δI,MΦI
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and δI,T , respectively. Moreover, the last term of Eq (2.3) (pathway d) shows that the killing of infected
cells by NK cells is inhibited by IL-6 to include a biologically realistic representation of NK cell’s
limited role in COVID-19 [32].

Dead cells (D) are accumulated through several ways: infected cell lysis dI , neutrophil damage of
all epithelial cells δN , the induced death of infected cells via macrophage phagocytosis δI,MΦI , CD8+ T
cell killing δI,T , NK killing δI,K , macrophage exhaustion from clearing up dead cells δMΦ,D [74], and
inflammatory macrophage death (of PANoptosis) synergistically modulated by both IFN-γ and TNF-α
(see pathway f ) with δMΦI ,γ and half-effect ϵMΦI ,γ [52]. These dead cells degrade at a relatively high
rate dD [75] while being cleared up through phagocytosis by macrophages at rate δD,MΦ .

Table 1. List of model variables and their description in Eqs (2.1)–(2.23).

Variable Description Unit
V Viral load cop/ml
S Susceptible cells 109 cells/ml
I Infected cells 109 cells/ml
R Resistant cells 109 cells/ml
D Dead cells 109 cells/ml
MΦI Inflammatory macrophages 109 cells/ml
MΦR Alveolar (or resident) macrophages 109 cells/ml
K NK cells 109 cells/ml
T CD8+ T cells 109 cells/ml
M Monocytes 109 cells/ml
N Neutrophils 109 cells/ml
KR Bone marrow reservoir NK cells 109 cells/ml
MR Bone marrow reservoir monocytes 109 cells/ml
NR Bone marrow reservoir neutrophils 109 cells/ml
LU,B Unbound (U) or bound (B) IL-6 pg/ml
FU,B Unbound or bound type I IFN pg/ml
γU,B Unbound or bound IFN-γ pg/ml
αU,B Unbound or bound TNF-α pg/ml
GU,B Unbound or bound GM-CSF pg/ml
CU,B Unbound or bound G-CSF pg/ml
CBF Neutrophil G-CSF receptor bound

fraction
unitless
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Table 2. Description of selected biological pathways in Eqs (2.1)–(2.23).

Pathway Description
a Cellular lysis
b Destruction of susceptible cells by neutrophils
c Type I IFN and IFN-γ inhibition of viral replication
d IL-6 inhibition of infected cells killed by NK cells
e Macrophage exhaustion for dead cells
f Macrophage cell death synergistically induced by IFN-γ and TNF-α
g GM-CSF-induced monocyte differentiation to inflammatory macrophages
h IL-6-induced monocyte differentiation inhibited by TNF-α
i T cell proliferation by type I IFN
j T cell clearance by NK cells, which is inhibited by IL-6
k Pharmacokinetics and pharmacodynamics of GM-CSF on monocytes
l Production of IL-6 stimulated by infected cells, macrophages, and monocytes
m IL-6 renal clearance
n IL-6 binding
o IL-6 unbinding
p IL-6 internalization

The production of inflammatory macrophages (MΦI) is regulated by three different pathways
(acting individually or in concert): a transition from alveolar macrophages stimulated by infected and
dead cells at a maximum rate aI,MΦI , monocytes differentiation stimulated by GM-CSF (GU and GB)
with a maximum production rate pMΦI ,G and half-effect ϵG,MΦI (in pathway g), and monocyte
differentiation by IL-6 (LU and LB) with a maximum production rate pMΦI ,L and half-effect ϵL,MΦI (in
pathway h), as shown in the first three terms of Eq (2.6). Specifically, the IL-6-dependent monocyte
differentiation (i.e., pathway h) is inhibited by TNF-α because its presence derives monocyte
differentiation more toward dendritic cells than macrophages [76, 77]. The next two terms in Eq (2.6)
represent the induced death of macrophage from clearing dead cells δMΦ,D and natural death dMΦI ,
respectively. The logistic term with MΦmax models that the inflammatory macrophages replenish the
alveolar macrophage population in the lung as the virus is cleared, thus, the replenishment of alveolar
macrophages is inversely proportional to viral load with half-effect ϵV,MΦR . Resident macrophages are
similarly modeled to undergo a switch to inflammatory macrophages stimulated by infected and dead
cells, their replenishment as the virus is cleared up, macrophage exhaustion from dead cell clearance
at rate δMΦ,D, and natural death at rate dMΦR .

NK cells (K) are modeled to stay at their homeostasis level with reservoir release rate K∗prod before
infection, after which more NK cells are actively recruited by TNF-α [78] with a maximum rate pK,α

and half-effect ϵα,K . They are cleared through natural death at rate dK .
The population of CD8+ T cells (T ) is governed by the delay differential equation (2.9) where the

first term describes cell recruitment at rate pT,I with the delay τT . The delay period accounts for the
time needed for the arrival of effector CD8+ T cells at the infection site following dendritic cell
activation, their migration to the lymph nodes, and the activation of CD8+ T cells. In this term,
inhibition by IL-6 concentration (bound LB) is incorporated with half effect ϵL,T given that high
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concentrations of IL-6 result in CD8+ T cell exhaustion [79, 80]. In severe COVID-19 cases, impaired
or delayed IFN signaling leads to defective virus-specific T cell activation and proliferation, which
ultimately contributes to profound T cell lymphopenia [81, 82]. Thus, it is assumed that the expansion
(or proliferation) process of the T cell population is mediated by type I IFN, as described in the
pathway i with the Hill function. In addition, IL-6 has been found to contribute to NK cell
dysfunction in target cell recognition [83] in severe COVID-19. Thus, T cells are modeled to be
targeted (and cleared) by NK cells at rate of δT,K (pathway j) but this clearance is inhibited by the
IL-6 concentration. T cell apoptosis occurs at rate dT .

Craig et al. [84] have shown that even under normal, healthy conditions (i.e., at homeostasis),
endogeneous cytokine levels are not static or in a near-equilibrium state. To describe the
pharmacokinetics and pharmacodynamics of cytokine binding and unbinding processes, we use the
framework established in [84]. The general form of the pharmacokinetic relationship is given by

dCU

dt
= CP − keCU − kB(S AC −CB)CW

U + kUCB,

dCB

dt
= −kintCB + kB(S AC −CB)CW

U − kUCB,

(2.24)

where CU and CB are unbound and bound cytokines with kU and kB being respective unbinding and
binding rates, respectively. CP is the rate of endogeneous cytokine production, kint is the internalization
rate of bound cytokine, and ke is the elimination rate. Here, W is a stoichiometric constant and the sum
concentration of all cells modulated by this cytokine C denoted by S . The calculation of a scaling
factor AC is determined by

AC = p̂CWR10n,

where p̂ is a constant relating the stoichiometry between cytokine molecules and their receptors, R
is the number of receptors to each cytokine on a cell’s surface, and 10n is a correcting factor for
cellular units (see Eqs (A.1)–(A.6)). The molecular weight is based on a standard calculation by
dividing the cytokine’s molar mass (MM) by Avogadro’s number (i.e., CW = MM/(6.02214 × 1023)).
The cytokine concentration is then governed by the above expressions (2.24) and additional terms
representing interactions of bound components with immune cells.

The dynamics for monocytes M and neutrophils N (Eqs (2.10) and (2.11), respectively) interacting
with cytokines are adapted from [14, 84], based on the cell-cytokine interaction using the Hill
function, and the pharmacokinetics and pharmacodynamics of GM-CSF on monocytes and of G-CSF
on neutrophils [85]. Specifically, as shown in pathway k, monocytes are recruited by bound
GM-CSF [86] with bone marrow monocytes (MR) recruited at a homeostatic rate M∗prod. This
recruitment rate increases up to maximum rate ψMmax modulated by GM-CSF. In addition, infected
cells produce monocytes at a maximal rate of pM,I with half-effect ϵI,M, but they will subsequently
differentiate to inflammatory macrophages (as above in pathway g) or go through natural death at rate
dM. Neutrophil recruitment from bone marrow reservoir neutrophils (NR) is similarly modeled with
the bound fraction of G-CSF [84] (CBF = CB(t)/(ACN(t))) with its maximal value ψNmax . During the
acute phase of inflammation, IL-6 is produced by endothelial cells, which leads to the attraction of
neutrophils [87]. This recruitment is described in the second term of Eq (2.11) with maximal rate pN,L

and half-effect parameter ϵL,N . Neutrophils die at rate dN .
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Model equations for cytokine production (Figure 1B) are provided in Eqs (2.12)–(2.23). Unbound
IL-6 (LU) is produced by infected cells, inflammatory macrophages, and monocytes (pathway l), with
bound IL-6 (LB) resulting from binding to receptors on the surface of neutrophils, CD8+ T cells, and
monocytes (pathway n). Though unbound type I IFNs (FU) are known to be secreted by multiple cell
types upon viral infection, including lymphocytes, macrophages, endothelial cells, and fibroblasts [73],
we model its unbound production from infected cells, inflammatory macrophages, and monocytes, and
its binding to receptors on both CD8+ T cells and infected cells to produce bound type I IFN (FB).
While type I IFN is secreted upon viral infection, IFN-γ (γU and γB) is secreted later due to delay in
CD8+ T cell arrival at the infection site. Unbound IFN-γ production is modulated by CD8+ T cells
and NK cells with bound IFN-γ produced via binding to receptors of infected cells, CD8+ T cells,
and macrophages. Unbound TNF-α (αU) are produced by inflammatory macrophages, monocytes,
and NK and CD8+ T cells. Though the programmed death of infected cells induced by TNF-α [88]
was not incorporated due to its insignificant effect in our model dynamics, binding of TNF-α to the
receptors of infected as well as all other immune cells interacting with TNF-α is added in Eq (2.18).
Unbound GM-CSF (GU) is assumed to be produced from inflammatory macrophages and monocytes
with bound GM-CSF (GB) produced via binding to monocyte receptors. The production of GM-CSF
by CD8+ T cells [89] is excluded due to its insignificant effect in the full model’s dynamics. Lastly,
unbound G-CSF (CU) is secreted by monocytes, and bound to neutrophil receptors to produce bound
G-CSF (CB).

2.3. Parameter estimation and numerical simulation

Model parameters for our model (Eqs (2.1)–(2.23)) are provided in appendix materials, and they
were determined through direct extraction from literature and curve fitting to capture empirical effects
(by following similar data-fitting methods, e.g., fmincon or lsqnonlin functions in MATLAB) with
data used in [14]. Initial values for the model variables are summarized in Table A.1. Data needed
for NK cells, two added cytokines IFN-γ and TNF-α, and their interactions with other components in
the model were adapted from either existing data for SARS-CoV-2, or previous work for Middle East
respiratory syndrome coronavirus (MERS-CoV) or SARS-CoV [90, 91], if needed and applicable.
Any remaining parameters were calculated to preserve homeostatic equilibrium in healthy condition
(i.e., in the absence of infection). A comprehensive description of the parameter estimation process
can be found in appendix materials.

With the model with all calibrated parameters, we numerically solved our model using ode45 and
ddesd in MATLAB to conduct the model validation against data and obtain all simulation results that
follow. All codes used for model analysis are provided to replicate our results presented herein. See
Data Availability for more information.

2.4. Well-posedness and positivity of solutions

We assume nonnegative initial conditions for all state variables and strictly positive parameter values
for all rate constants and half-saturation (Hill) parameters (e.g., IC50,· > 0 and ϵ· > 0), as summarized
in Tables A.1–A.12. Under these assumptions, all denominators appearing in Hill-type expressions in
the model are strictly positive for all time. In particular, for any state variable X, denominators of the
form Xh+ϵh satisfy Xh+ϵh ≥ ϵh > 0, and expressions such as K+ϵK,I , LB+ϵL,·, and I+ϵI,M (in Eqs (2.3),
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(2.9), and (2.10), respectively) are bounded below by positive constants. Hence, the righthand sides of
the model equations (Eqs (2.1)–(2.23)) are well-defined for all t ≥ 0.

Moreover, our system is quasi-positive, implying that for a variable X, the corresponding righthand
side satisfies

dX
dt

∣∣∣∣∣
X=0
≥ 0

provided that all remaining state variables are nonnegative. Specifically, when D = 0 in Eq (2.5), all
terms that decrease D (including the linear decay term and interaction terms proportional to D) vanish,
while the remaining source terms are nonnegative, yielding dD

dt

∣∣∣
D=0
≥ 0. Similarly, when M = 0

in Eq (2.10) (respectively, N = 0 in Eq (2.11)), all loss terms proportional to M (respectively, N)
vanish and the remaining production or recruitment terms are nonnegative, implying dM

dt

∣∣∣
M=0
≥ 0 and

dN
dt

∣∣∣
N=0
≥ 0. Therefore, solutions satisfy D(t),M(t),N(t) ≥ 0, and, likewise, all other state variables

remain nonnegative for all t ≥ 0.

3. Main results

3.1. Model predictions for mild versus severe disease

To identify key drivers that differentiate severe from mild dynamics, we numerically simulated our
within-host model (Eqs (2.1)–(2.23)) with two contrasting parameter sets: a baseline set to reproduce
mild disease dynamics and an adjusted set to recapitulate severe dynamics. In clinical COVID-19
studies [30, 69, 92, 93], patients with severe disease were reported to have significantly lower levels
of type I IFN, along with elevated monocyte and IL-6 concentrations. Elevated IL-6, in particular,
correlates with NK-cell dysfunction due to its inhibitory effect on cytolytic activity of NK cells. In
addition, IFN-γ production by CD8+ T cells is impaired because the ratio of CD4+ to CD8+ T cells
increases, and CD8+ T cells produce more IFN-γ than CD4+ T cells [94].

To generate severe dynamics based on these observations, the rates of type I IFN production by
infected cells (pF,I), IFN-γ production by T cells (pγ,T ), and the half-effect parameter for IL-6
inhibition of NK-cell cytotoxicity (ϵL,K) were decreased, whereas the production rate of monocytes by
infected cells (pM,I) and the half-effect coefficient for type I IFN production by inflammatory
macrophages (ηF,MΦI ) were increased. To ensure that all five parameters need to be changed to
recapitulate severe disease, we systematically evaluated the effect of individual and partial parameter
perturbations on model behaviors (results not shown). See Table A.2 for parameter modifications used
for severe COVID-19 dynamics. Model predictions are compared in Figure 2, with mild disease
shown as black solid lines and severe disease as red dashed lines. For model validation, viral loads
from SARS-CoV-2 infection in humans reported in [95] (based on data from Singapore [96] and
Germany [97]) were used, as indicated by open circles in Figure 2A.
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Figure 2. Model predictions for mild versus severe COVID-19 dynamics. Mild disease (solid
lines) dynamics obtained by solving Eqs (2.1)–(2.23) with baseline parameters summarized
in appendix materials. Viral load data (open circles) from eight human patients (three from
Singapore and five from Germany by Goyal et al. [95]) are overlayed with predicted viral
dynamics. Severe disease case (dashed lines) obtained by modifying selected parameters;
decreasing production rate of type I IFN (via pF,I and ηF,MΦ), increasing monocyte recruitment
rate (pM,I), decreasing NK cell’s cytotoxicity (ϵL,K), and decreasing production rate of IFN-γ
by T cells (pγ,T ). The list of severe parameter values is summarized in Table A.2. The graphs
depict the predicted concentrations of individual cell types or cytokines over the course of
a 30-day infection. Only unbound cytokine concentrations (i.e., panels K)–P)) are shown,
as these are clinically measurable and represent the pool available for receptor binding and
downstream signaling. Time-series predictions of all other variables (i.e., including resident
macrophages and all bound cytokines) are provided in appendix materials.

The mild case shows effective clearance of the virus within ∼10 days, with all cell populations and
cytokine concentrations returning to their respective homeostatic levels and only minimal tissue
damage (Figure 2B). Specifically, the innate immune response is restrained: inflammatory
macrophages, NK cells, monocytes, and neutrophils reach their peaks within 10 days post-infection
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(Figure 2E,F,I,J), followed by CD8+ T-cell activation peaking after day 10 (Figure 2H). The cytokine
dynamics in mild disease demonstrate a rapid response in type I IFN, IL-6, and GM-CSF
(Figure 2K,N,O, respectively). The dynamics of IFN-γ and TNF-α (Figure 2L,M) are distinct in that
an initial rise occurs immediately after infection, followed by a rapid decline, after which
concentrations reach their highest peak at around one week and remain at a relatively stable level for
another week.

Using the adjusted parameter set, the model exhibits a dramatic shift in disease progression.
Although the predicted viral load (Figure 2A) remains comparable to that of mild infection, the severe
scenario is characterized by a cytokine storm, with heightened levels of TNF-α, IL-6, GM-CSF, and
G-CSF, consistent with experimental findings [6, 7, 45, 98]. This is accompanied by elevated ratios of
innate to adaptive immune cells (Figure 2E–J) and substantial loss of healthy lung tissue (Figure 2B).
We note that the peak value of the dead-cell compartment D (Figure 2D) does not differ dramatically
between mild and severe simulations. In our framework, severity is not determined solely by
maxt D(t); rather, the severe case is distinguished by sustained dysregulated inflammation
(cytokine-storm-like cytokine exposure and impaired resolution), which can drive pathology even
when the instantaneous peak of D is comparable. Accordingly, tissue injury can also be assessed via
time-course burden measures (e.g., duration above baseline and/or cumulative damage), alongside
cytokine exposure profiles.

Moreover, in severe cases the interferon response (Figure 2K,L) is characterized by a delayed and
weakened peak of type I IFNs and by a comparatively reduced IFN-γ peak relative to mild cases,
aligning well with data presented in [6,35,93]. In contrast to mild disease, inflammatory macrophages
and neutrophils remain elevated for at least 30 days after initial infection (Figure 2E,J). Notably,
inflammation remains high in severe disease, with increased TNF-α and GM-CSF concentrations,
despite the virus being cleared slightly faster (∼1 day) than in mild disease (Figure 2A). The peak of
inflammatory macrophages rises from ∼104 cells/ml (mild) to ∼105 cells/ml (severe).

The model also reproduces the substantial reduction in CD8+ T-cell concentrations in severe case
(Figure 2H), indicative of T-cell lymphopenia, consistent with clinical observations in patients with
severe COVID-19 [90, 99]. Interestingly, even though NK-cell concentrations increase (Figure 2F),
their cytotoxic ability against infected cells shows a marked threefold reduction (Figure 2G). This
indicates impaired functional capacity, leading to NK-cell dysfunction [100]. Despite varying only
five parameters (pF,I , pγ,T , pM,I , ϵL,K , ηF,MΦI ), the model generates a distinct severe case, with cytokine
dynamics qualitatively consistent with clinical observations for type I IFN [93, 101], IFN-γ [102],
TNF-α [44], IL-6 [103, 104], and G-CSF [105, 106].

3.2. Sensitivity analysis identifies key pathways in the immune response to SARS-CoV-2 infection

To further examine the effects of parameter variation, we conducted a local sensitivity analysis
(LSA) by increasing each parameter value by 5% from its baseline set (used for the mild dynamics in
Figure 2) and quantifying the resulting changes in selected variables to assess each parameter’s impact
on host–pathogen dynamics. For each perturbation, we recorded predictions for key outputs over a 30-
day window, including viral load, immune cell activation, tissue damage, and cytokine exposure. These
outputs were then compared with baseline simulation results, and relative changes were calculated.

To facilitate visualization, model outputs were normalized using z-scores [107]. This
standardization subtracts the mean and divides by the standard deviation, placing variables with
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different units on a common scale and enabling direct comparison of sensitivity magnitudes. Each
parameter was assigned a sensitivity score, defined as the maximum absolute z-score across all
outputs, and parameters were ranked accordingly; the top 23 most influential were selected for
visualization in the heatmap of Figure 3A. The identified parameters include ones relating to virus
productivity (p, δV,N), the infected cell death by NK cells (δI,K , ϵK,I), macrophages and CD8+ T cell
dynamics (MΦR,0, pT,I), G-CSF (kBC ), IL-6 (pL,MΦI , klinL , ηL,MΦI ), and the production of TNF-α, type I
IFN, and IFN-γ (pα,T , pF,I , pγ,T ).

The heatmap shows the effects of perturbations on maximum viral load, maximum dead cells,
minimum uninfected cells (tissue), peak immune cell concentrations (inflammatory macrophages,
CD8+ T cells, and NK cells), maximum infected cells killed by NK cells, and maximum unbound
cytokine levels (IL-6, type I IFN, IFN-γ, and TNF-α). Each heatmap cell represents the
z-score-normalized deviation of a model output in response to a 5% parameter perturbation. The color
scale ranges from blue (strong negative effect), through white (no effect), to red (strong positive
effect), conveying both the magnitude and direction of influence while highlighting the most sensitive
parameters. The maximum increase and maximum decrease values for each metric are listed in
Table 3. In addition, time-series dynamics for viral load, uninfected cells (tissue), infected cells killed
by NK cells, and unbound IL-6, IFN-γ, and TNF-α concentrations with the 5% increase of the
selected parameters, which produce the maximum and minimum increases according to Table 3, are
provided in Figure 3B–G.

In Figure 3A, a higher production rate of type I IFN by infected cells (pF,I) results in increased
levels of unbound type I IFN, i.e., maximum level as well as the total exposure, based on max(FU)
and total(FU) defined as the area under the unbound type I IFN curve over the course of exposure,
respectively. This is accompanied by a moderate increase in undamaged tissue (min(S + R)) and a
reduction in maximum dead cells (max(D)). These findings are consistent with the important role of
type I IFN in promoting antiviral responses during early infection [108]. In contrast, increasing the
renal clearance rate of unbound type I IFN (klinF ) strongly decreases type I IFN levels, thereby
impairing antiviral defense. This reduction is accompanied by moderate declines in uninfected and
resistant cell populations (as also shown in Figure 3C), while effects on immune cells and other
cytokine levels remain modest. These results underscore the importance of sustained IFN signaling
for viral control and are consistent with clinical observations of augmented clearance
phenomena [109]. Sensitivity results for IFN-γ show similar trends: increasing the production rate of
IFN-γ by T cells (pγ,T ) promotes antiviral control, whereas increasing its renal clearance rate (klinγ)
impairs it, as further supported by Figure 3F.

Increasing the recruitment rate of T cells in response to infected cells (pT,I) enhances T-cell
expansion (max(T )) and dead-cell accumulation, while reducing total type I IFN exposure. Minimum
undamaged tissue, however, is unaffected. This suggests that enhanced T-cell recruitment promotes
clearance of infected cells but has minimal impact on collateral tissue damage. Notably, NK-cell
activity appears reduced despite stable NK-cell numbers (max(K)), due to the substantial increase in
dead cells driven by infected-cell clearance [110, 111].

Mathematical Biosciences and Engineering Volume 23, Issue 4, 987–1049.



1003

Table 3. List of values for the maximum increase and maximum decrease of each metric.

Output Max virus Min tissue Max inflam. macs Max T cells
(log10(copies/ml)) (cells/ml) (cells/ml) (cells/ml)

Max increase kintC : 0.49 kBγ : 6.36 × 105 MΦR,0: 6.49 × 102 pT,I : 1.12 × 105

Max decrease CU,0: −0.79 klinγ : −6.33 × 105 CU,0: −2.61 × 102 dT : −0.79 × 105

Output Infected cells killed Max IL-6 IFN-γ TNF-α
by NK (cells/ml) (pg/ml) (pg/ml) (pg/ml)

Max increase δI,K : 6.49 × 105 MΦR,0: 0.37 pγ,T : 0.5 pα,T : 0.61
Max decrease ϵI,K : −8.3 × 105 klinL : −0.32 klinγ : −0.58 klinα : −0.87

In addition, while increasing the initial number of resident macrophages (MΦR,0) significantly
decreases the exposure to type I IFN or IFN-γ, it leads to higher macrophage expansion (max(MΦI)),
elevated IL-6 levels (max(LU)), and increased maximum TNF-α levels (max(αU)). The increase IL-6
level slightly reduces the number of infected cells cleared by NK cells due to stronger IL-6–mediated
inhibition of NK cytotoxicity [55], as can be seen by comparing Figure 3D,E (especially in response
to increased MΦR,0). This reflects the strong role of macrophages in IL-6 production and its positive
feedback on macrophage expansion [60]. While early macrophage presence and activation can
enhance innate responses, excessive IL-6 promotes systemic inflammation and impairs balanced
immunity, in part due to NK-cell dysfunction [112]. Moreover, the higher death rate of NK cells (dK)
significantly reduces NK cell population, which consequently impairs their cytotoxic function
(Figure 3D) and decreases the production of IFN-γ and TNF-α (Figure 3F,G).

A higher initial concentration of unbound G-CSF (CU,0) or its binding rate (kBC ) reduces peak viral
load (Figure 3B), dead cells, macrophages, T cells, and concentrations of all cytokines considered in
our LSA. This suggests that early G-CSF availability facilitates effective infection control, limiting
the need for excessive immune activation and reducing tissue damage. It also implies the therapeutic
potential of early G-CSF supplementation, although careful consideration of timing and dosage would
be critical to avoid overstimulation or suppression of cytokine-mediated immune dynamics following
intervention [113].

Although not explicitly shown in the heatmap in Figure 3A (but shown in the complete LSA results,
provided in appendix materials), a higher viral infection rate (β) markedly increases viral load, tissue
damage, and immune dysregulation, as expected. Elevated β also drives higher levels of unbound
IL-6 and type I IFN, consistent with uncontrolled viral replication leading to hyperinflammation and
cytokine storm, as observed in patients with severe COVID-19 [114]. See appendix materials for
more information.
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Figure 3. Top 23 sensitive parameters (with +5% perturbation) identified by local
sensitivity analysis. Each parameter was increased by 5% from its originally estimated value
(i.e., mild disease parameters in Figure 2) and the resulting model dynamics were simulated.
Predictions were then compared to baseline specifically for maximum viral load (max(V)),
maximum concentration of dead cells (max(D)), minimum uninfected cells or tissues
(min(S+R)), maximum concentrations of three immune cells–inflammatory macrophages
(max(MΦI)), CD8+ T cells (max(T )), maximum concentration of NK cells (max(K)), and
maximum concentration of infected cells killed by NK. The maximum concentrations of
the four cytokines, IL-6 (max(LU)), type I IFN (max(FU)), IFN-γ (max(γU)), and TNF-
α (max(αU)) along with the corresponding total exposure to the last three cytokines. A)
Heat map shows the magnitude of the change of each metric from a 5% increase in the
parameter value compared to baseline, where blue and red represent the maximum and
minimum values, respectively, observed in the output metric. The top 23 most sensitive
parameters (categorized by a group of IFN I, IFN-γ, TNF-α, G-CSF, IL-6, immune cells,
lung cells, and virus) are shown here, and for the complete parameter sensitivity results,
see the appendix materials. The explicit value of the maximum increase and maximum
decrease of each metric is given in Table 3 below. The z-score normalization was applied to
account for differences in scale and units across outputs, allowing for meaningful comparison
of sensitivity magnitudes across all variables. B)–G): Time-series dynamics of viral load,
undamaged tissue (uninfected cells), infected cells killed by NK cells, and unbound IL-6,
IFN-γ, and TNF-α given 5% increases in the noted parameters for each color. Colors of the
curves correspond to the coloring of the heatmap in A).
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Figure 4. Viral infectivity rate β has small effects on overall immune dynamics. Dynamics
for viral load, inflammatory macrophage, CD8+ T Cell, NK cells, and infected cells
killed by NK cells, unbound IFN-γ, and unbound TNF-α are obtained using the baseline
parameters (used for mild disease in Figure 2) except increasing the viral infection rate β
(by 0, 10, 20, 30, 40, 50%).

As noted in [14], the viral infectivity rate (β) can be influenced by viral mutations or varying
densities of cellular angiotensin-converting enzyme 2 (ACE2) receptors between individuals. To
assess whether the relative homogeneity of the immune response is preserved especially with new
cytokine interactions added to our model, we varied the viral infectivity rate (β) by the same amount
(0–50% with increments of 10%) and the corresponding results for viral load, inflammatory
macrophages, T cells, NK cells, infected cells killed by NK, and unbound IFN-γ and TNF-α were
recorded in Figure 4. Although some variability is observed, both qualitative and quantitative
behaviors including the shape and maximum concentrations of cytokines, including IFN-γ and
TNF-α, remain largely similar to the baseline case simulations. In addition, changes in inflammatory
macrophages, T cells, NK cells, and NK cell cytotoxicity are minimal with their qualitative behaviors
preserved. Importantly, viral load remains relatively the same except the higher peaks as β increases,
suggesting that the increased infectivity alone is not sufficient to significantly alter disease
progression and severity.
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3.3. In silico knockdown analyses reveal how immune status influences disease outcomes

Figure 5. Effects of monocyte, macrophage, and NK cells knockdown on mild disease
courses. In silico knockdown experiments in the mild disease scenario (as shown in Figure 2;
black solid line) were performed by implementing the recruitment knockdown of monocytes
(i.e., no monocyte recruitment; red dash line), of inflammatory macrophages (i.e., not
inflammatory macrophage creation via antigen stimulation or monocyte differentiation; blue
dash-dot line), and of neutrophils (i.e., no neutrophil recruitment; cyan dot line), while
keeping homeostasis and death rates the same. Model dynamics of the in silico knockdown
are shown for A) viral load, B) uninfected cells, C) infected cells, D)–J): immune cells and
infected killed by NK cells (panel G), and K)–P): unbound cytokines.

To assess the specific contributions of innate immune subsets to disease progression, we performed a
series of in silico knockdown experiments. We focused on the mild disease course (Figure 2, black solid
line), since severe cases already involve systemic dysregulation, making it difficult to isolate the effects
of individual cell types. In each simulation, recruitment of a given immune cell population was set to
zero while initial abundances and death rates were left unchanged. Specifically, neutrophil recruitment
was set to pN,L = 0; inflammatory macrophage creation and recruitment to aI,MΦI = pMΦI ,L = pMΦI ,G = 0;
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monocyte recruitment and differentiation to pM,I = pMΦI ,G = pMΦI ,L = 0; and NK cell recruitment to
pK,α = 0. The resulting dynamics are summarized in Figure 5.

In the monocyte knockdown (red dashed line), loss of monocyte recruitment disrupted alveolar
macrophages, NK-cell activity, neutrophil counts, and G-CSF concentration (Figure 5D–F,J,P).
Because monocytes are precursors to macrophages [115], their absence caused a marked reduction in
resident macrophages. Monocytes also promote production of most cytokines except IFN-γ
(Figure 1B); accordingly, cytokine levels declined, with G-CSF showing the sharpest decrease
(Figure 5P). Reduced G-CSF lowered neutrophil recruitment (Figure 5J). Although monocytes do not
directly affect NK-cell numbers, the higher pool of infected cells increased NK-mediated killing
(Figure 5G). Viral load was slightly prolonged (Figure 5A), indicating delayed clearance [116].

When inflammatory macrophages were knocked down (blue dash-dotted line), IL-6 and GM-CSF
levels were most affected (Figure 5N,O). Without macrophages, innate cytokine signaling was broadly
impaired, reducing type I IFN, TNF-α, IL-6, and GM-CSF production (Figure 5K,M–O), consistent
with their central role in cytokine secretion (Figure 1C). Viral control was also compromised, with
sustained high numbers of infected cells (Figure 5C) [117, 118]. Macrophage loss decreased TNF-α
(Figure 5M), reducing NK recruitment (Figure 5F). However, the elevated infected-cell burden boosted
NK-mediated killing (Figure 5G), underscoring compensatory interactions among innate subsets.

In the NK-cell knockdown (cyan dotted line), cytokine dynamics were largely unchanged, but
infected-cell clearance was modestly impaired (Figure 5G) [119]. Viral load and uninfected-cell
trajectories were nearly identical across knockdowns (Figure 5A–C), illustrating the immune system’s
ability to buffer the loss of individual components.

Across all knockdown scenarios, CD8+ T cells were maintained or slightly elevated relative to the
mild case (Figure 5H). This suggests that adaptive responses compensated for innate dysfunction,
preserving viral clearance and IFN-γ dynamics (Figure 5A,L). Importantly, none of the knockdowns
reproduced the hallmarks of severe disease (e.g., loss of uninfected lung tissue, expansion of
inflammatory macrophages; Figure 5B,E). Thus, while individual innate-cell perturbations altered
immune trajectories, severe disease emerges from systemic dysregulation rather than the loss of a
single cell subset.

3.4. In silico cytokine knockdown investigations suggest therapeutic treatments for severe disease

To evaluate whether limiting specific pro-inflammatory cytokines can mitigate disease severity and
point toward therapeutic strategies, we simulated knockdowns of IL-6, TNF-α, and IFN-γ on the severe
disease trajectory (from Figure 2, red dashed line), as summarized in Figure 6. In each case, cytokine
production terms were set to zero for their modeled sources: for IL-6 (pL,I = pL,MΦI = pL,M = 0), TNF-
α (pα,T = pα,M = pα,K = 0), and IFN-γ (pγ,K = pγ,T = 0). Note that though TNF-α is predominantly
recruited by inflammatory macrophages, their recruitment rate (i.e., pα,MΦI ) was kept at nonzero to
mimic the most realistic medical knockdown intervention while focusing more on the potential effects
of cytokine knockdown on NK cell function.
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Figure 6. Effects of IL-6, TNF-α, and IFN-γ knockdown on severe disease courses. We
performed in silico knockdown experiments in the severe disease scenario (Figure 2; red solid
line) by knocking down the production of IL-6 (by infected cells, inflammatory macrophages,
and monocytes; blue dash-dot line), of TNF-α (by CD8+ T cells and monocytes; black dash
line), and of IFN-γ (by NK and CD8+ T cells; cyan dot line). Model dynamics of the in silico
knockdown are plotted for A) viral load, B)–D) lung cells, E)–J) immune cells and infected
cells killed by NK cells (panel G), and K)–P) unbound cytokines.

IL-6 knockdown IL-6 knockdown scenario results in a markedly rapid decline in infected cells,
less tissue damage, and higher population of CD8+ T cells, compared to TNF-α and IFN-γ
knockdowns (Figure 6B–D,H). This is consistent with clinical finding that IL-6 contributes to
hyper-inflammation and cytokine storm, which can exacerbate the severity of COVID-19, for
example, with elevated infected cells and tissue damage but reduced T-cell activity [112, 120, 121]. In
addition, limiting IL-6 production leads to substantially reduced macrophage population, highlighting
its role in macrophage activation and recruitment in lung tissue [58]. Specifically, given that IL-6
induces the differentiation of the recruited monocytes to inflammatory macrophages [60], its blockage
could mitigate the immune response from excessive inflammation (Figure 6E). In contrast, the CD8+
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T cell response is notably enhanced by IL-6 knockdown, given the inhibitory role of IL-6 in T cell
expansion [122], leading to an elevated peak comparable to a mild case, as can be seen by comparing
Figure 2H (black solid line) and Figure 6H (blue dash-dot line).

IL-6 knockdown markedly lowers NK-cell abundance with peaks falling to ∼75% of the severe-case
level (Figure 6F), suggesting that, although IL-6 contributes to NK dysfunction in severe inflammation,
it supports NK-cell maintenance under inflammatory stress and, most importantly, restores the ability
for NK cells to kill infected cells (Figure 6G).

In addition to immune cell activities, IL-6 knockdown significantly reduces the concentrations of
all cytokines except IFN-γ. Both type I IFN and GM-CSF are suppressed (Figure 6K,O, respectively),
consistent with their dependence on monocytes and inflammatory macrophages (Figures 1B and 6E).
While IL-6 knockdown dampens macrophage-driven inflammation, as mentioned above, it also
weakens early antiviral defenses and may impair viral clearance [123]. Moreover, the near-absence of
GM-CSF and, consequently, a reduction in recruited monocytes (Figure 6O,I, respectively) indicate
IL-6 as a major upstream driver in severe disease [124]; given GM-CSF’s roles in leukocyte
recruitment and lung tissue support [86], its depletion in the absence of IL-6 risks delayed resolution
and prolonged infection. Overall, IL-6 knockdown, while beneficial in reducing inflammatory
damage, may suppress critical immune functions required for effective viral clearance and
tissue homeostasis.

The concentration of G-CSF, a cytokine central to neutrophil production, maturation, and
function [85], is lowered by IL-6 knockdown (Figure 6P). While the reduced IL-6 production may
alleviate hyper-inflammation in severe COVID-19, the accompanying G-CSF drop can impair
neutrophil responses (Figure 6J) and weaken host defense [125], underscoring a therapeutic trade-off
between dampening inflammation and preserving immune competence. Also, the IL-6/TNF-α axis
shows reciprocal control: IL-6 knockdown reduces TNF-α by limiting macrophage activation,
whereas TNF-α knockdown elevates IL-6 by removing regulatory restraint (Figure 6M,N; Figure 1).
Therapeutically, perturbing either node can shift the balance toward under- or over-production of the
other, with implications for inflammation control and tissue protection [126, 127]. Lastly, IL-6
knockdown exerts time-dependent effects on IFN-γ (Figure 6L) in that its level rises around 10–20
days after symptom onset but drops below severe case after 20 days, suggesting more
prolonged inflammation.

IFN-γ knockdown IFN-γ knockdown produces a higher NK-cell peak than the severe case
(Figure 6F), consistent with IFN-γ-mediated negative feedback on NK cells [128]. Despite increased
NK cell population, however, IFN-γ blockage leads to the increased peak of viral load but lowered
T-cell level (Figure 6A,H, respectively) while having excessive inflammation, as well demonstrated
by elevated concentrations for all other cytokines. This finding implies that IFN-γ is detrimental to
viral clearance and T cell level [129, 130], and its loss destabilizes immune regulation.

TNF-α knockdown Finally, TNF-α knockdown yields a stronger net anti-inflammatory effect in
NK cell proliferation (Figure 6F), reflecting TNF-α’s critical role in NK activation, proliferation, and
survival [78]. The reduced NK cell population subsequently descreases IFN-γ recruitment (as shown
in Figures 1B and 6L). Despite the overall reduction in inflammatory signaling, however,
inflammatory macrophages increase slightly (Figure 6E) because TNF-α regulates macrophage
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activity and limits monocyte differentiation to inflammatory macrophages. Thus, its loss may lessen
macrophage apoptosis and remove this restraint, allowing accumulation [131]. Consistent with
increased macrophage numbers, GM-CSF rises during TNF-α knockdown (Figure 6O), as GM-CSF
production tracks monocyte/macrophage abundance and TNF-α normally inhibits their
differentiation/activation [76]. The observed elevation of GM-CSF following TNF-α suppression may
indicate a compensatory mechanism possibly aimed at sustaining macrophage function despite the
loss of TNF-α signaling. TNF-α knockdown also elevates type I IFN (Figure 6K), suggesting that
TNF-α may exert a negative regulatory effect on IFN signaling [132], possibly functioning as a
feedback mechanism to limit excessive immune activation.

Synthesis Overall, IL-6 knockdown mitigates hyperinflammation and restores T cell and NK
cytotoxic function despite lowering NK counts (as can be seen in Figure 6F,G), but at the cost of
impaired cytokine support (type I IFN, GM-CSF, and G-CSF). TNF-α knockdown reduces
inflammation but destabilizes macrophage control and suppresses NK activity. IFN-γ knockdown
worsens infection despite transient NK expansion. Together, these results suggest that therapeutic
benefit lies not in complete suppression but in targeted modulation, particularly of IL-6 and TNF-α,
to balance inflammation control with preservation of antiviral immunity, consistent with clinical
findings [11, 44, 45, 133].

4. Conclusions

In this study, we present a comprehensive within-host model of SARS-CoV-2 infection that
highlights the pivotal roles of NK cells and cytokines, particularly IFN-γ and TNF-α, in shaping
disease trajectories. Unlike previous models, ours incorporates specific immune cells and cytokines
implicated in immune dysfunction and severe COVID-19 outcomes [35, 134]. By simulating their
interactions, our framework provides insights into pathways that contribute both to successful viral
clearance and to excessive inflammatory responses associated with acute lung injury and mortality. To
our knowledge, this is the first attempt to primarily investigate key pathways of immune cell
dysfunction, especially in the context of NK cells. By combining simulations, sensitivity analyses,
and knockdown experiments, the model highlights the critical role of NK-cell function, the nuanced
effects of IL-6 blockade, and the context-dependent impact of IFN-γ and TNF-α signaling. These
insights not only align with emerging clinical observations but also underscore the need for
personalized and combinatorial therapeutic strategies.

Despite comparable NK-cell counts in mild and severe cases, severe COVID-19 is marked by
functional NK-cell impairment, often driven by elevated IL-6 levels. Clinically, high IL-6 correlates
with reduced granzyme A-expressing NK cells, reflecting suppressed cytotoxicity [30]. Our NK-cell
knockdown simulations (Figure 5) recapitulated this, showing minimal effects on cytokine dynamics
but a marked impairment in viral clearance. These findings reinforce the essential role of NK cells in
early infection control and align with reports [33, 135] linking NK dysfunction to prolonged viral
persistence and disease severity. Moreover, cytokines such as IL-6 and transforming growth
factor-beta (TGF-β) exacerbate NK impairment by downregulating adhesion and cytotoxic
functions [32], suggesting that therapeutic strategies to restore NK function, including IL-6 blockade,
could enhance viral clearance and improve clinical outcomes.
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Clinical trials of IL-6 inhibitors have produced mixed results. The WHO REACT meta-analysis of
over 10,000 patients found that IL-6 receptor antagonists, when combined with glucocorticoids,
reduced 28-day mortality, particularly in patients on noninvasive ventilation [136]. However, benefits
were inconsistent in mechanically ventilated patients, and efficacy was contingent on concurrent
glucocorticoid use, suggesting a synergistic rather than stand-alone role. Other studies (e.g., [137])
question IL-6 as a primary target, noting that levels in COVID-19 often fall below thresholds
associated with efficacy in other inflammatory diseases. Potential risks, including secondary
infections due to immunosuppression, further complicate its utility. This suggests that IL-6 blockade
alone is insufficient but may contribute to benefit in well-selected patients, particularly in combination
with glucocorticoids or janus kinase inhibitors (JAK) inhibitors [133]. Our findings highlight the
importance of precision-medicine approaches and the use of biomarkers (e.g., serostatus [138]) to
identify subgroups most likely to respond.

We also modeled the reported synergy between IFN-γ and TNF-α, which drives PANoptosis (i.e.,
programmed cell death) in macrophages [52]. Our multiplicative representation in the model yielded
minimal synergistic effects, despite clinical observations of high TNF-α, moderate IFN-γ, and elevated
inflammatory macrophages [34, 118]. This discrepancy suggests that co-targeting TNF-α and IFN-γ
may not provide the anticipated therapeutic benefit, in line with clinical results in [52].

During severe COVID-19, IFN-γ levels are difficult to quantify, with studies reporting both
elevated and diminished concentrations [7, 34–36]. This uncertainty poses a challenge for modeling,
as assumptions must be made regarding which IFN-γ range best reflects severe disease. While our
model cannot resolve exact concentrations, it illustrates how varying IFN-γ levels influence immune
dynamics. IFN-γ knockdown simulations in severe cases (Figure 6) exacerbated T-cell lymphopenia,
elevated TNF-α and IL-6, and worsened outcomes. These results suggest that IFN-γ inhibition would
likely be harmful, particularly in patients already exhibiting low IFN-γ levels.

Conversely, clinical studies during the early pandemic highlighted potential therapeutic roles for
IFN-γ supplementation [139–141]. IFN-γ treatment was reported to aid in the management of
community-acquired infections and ventilator-associated pneumonia (VAP) in COVID-19
patients [140]. Interestingly, its efficacy appeared bidirectional: in one study, severely ill patients with
immune deficiencies recovered following IFN-γ administration [141], while another reported
recovery in patients with hyper-inflammatory responses complicated by VAP [140]. In line with these
reports, our simulations suggest that increasing IFN-γ in mild cases promoted greater tissue
protection and improved immune responses, indicating that moderate IFN-γ supplementation could
be beneficial. Further research is needed to determine whether there is a threshold above which IFN-γ
becomes pathogenic in severe COVID-19. Together, these findings suggest that IFN-γ may be a
broadly safe yet context-sensitive therapeutic option across diverse immunoprofiles.

Despite the complexity of our model and the breadth of results, this study has several limitations
that should be addressed in future work. First, we note that our model emphasizes pro-inflammatory
cytokines and immune responses associated with cytokine storm in COVID-19. While this focus
enables detailed investigation of hyperinflammatory dynamics, it also makes the system toward
exhibiting strong immune-mediated viral clearance, as can be seen in a slightly faster decay of viral
load compared to the majority of patient data in Figure 2A. The absence of regulatory or
anti-inflammatory mechanisms that temper immune killing likely contributes to the relatively rapid
viral elimination observed in the model results. Incorporating such balancing pathways will likely
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slow down the decay of viral load further and represents an important direction for future
model refinement.

In addition, macrophage polarization was not explicitly modeled, although the M1 phenotype is
closely linked to cytokines included in our framework such as IFN-γ, TNF-α, and GM-CSF [142].
Future extensions could incorporate macrophage polarization and exogenous drivers such as IL-4, IL-
10, IL-13, and TGF-β. Moreover, we modeled the innate immune response in unvaccinated individuals.
Given widespread vaccination, future work should account for adaptive immunity, including B-cell
and antibody dynamics, and examine how vaccination alters cytokine-driven pathways. Finally, we did
not include TNF-α–induced epithelial apoptosis, which some studies suggest may be significant [44].
Including these processes could further refine predictions of disease severity and therapeutic response.
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91. T. Sheahan, A. Sims, S. Leist, A. Schäfer, J. Won, A. J. Brown, et al., Comparative therapeutic
efficacy of remdesivir and combination lopinavir, ritonavir, and interferon beta against MERS-
CoV, Nat. Commun., 11 (2020), 222. https://doi.org/10.1038/s41467-019-13940-6

92. Y. Zhao, L. Qin, P. Zhang, K. Li, L. Liang, J. Sun, et al., Longitudinal COVID-19 profiling
associates IL-1RA and IL-10 with disease severity and RANTES with mild disease, JCI Insights,
5 (2020), e139834. https://doi.org/10.1172/jci.insight.139834

Mathematical Biosciences and Engineering Volume 23, Issue 4, 987–1049.

https://dx.doi.org/https://doi.org/10.1038/s41591-020-1038-6
https://dx.doi.org/https://doi.org/10.1038/s41392-020-00306-4
https://dx.doi.org/https://doi.org/10.1038/s41577-020-0346-x
https://dx.doi.org/https://doi.org/10.1093/humrep/deu172
https://dx.doi.org/https://doi.org/10.1007/s11538-016-0179-8
https://dx.doi.org/https://doi.org/10.1016/j.smim.2021.101516
https://dx.doi.org/https://doi.org/10.1186/s40348-016-0055-5
https://dx.doi.org/https://doi.org/10.1016/j.bbamcr.2011.01.034
https://dx.doi.org/https://doi.org/10.3389/fmicb.2021.654709
https://dx.doi.org/https://doi.org/10.1038/sj.cr.7310017
https://dx.doi.org/https://doi.org/10.1172/JCI126363
https://dx.doi.org/https://doi.org/10.1038/s41467-019-13940-6
https://dx.doi.org/https://doi.org/10.1172/jci.insight.139834


1020

93. S. Trouillet-Assant, S. Viel, A. Gaymard, S. Pons, J. C. Richard, M. Perret, et al., Type I
IFN immunoprofiling in COVID-19 patients, J. Allergy Clin. Immunol., 146 (2020), 206–208.
https://doi.org/10.1016/j.jaci.2020.04.029

94. K. Yin, M. J. Peluso, X. Luo, R. Thomas, M. G. Shin, J. Neidleman, et al., Long COVID manifests
with T cell dysregulation, inflammation and an uncoordinated adaptive immune response to SARS-
CoV-2, Nat. Immunol., 25 (2024), 218–225. https://doi.org/10.1038/s41590-023-01724-6

95. A. Goyal, E. F. Cardozo-Ojeda, J. T. Schiffer, Potency and timing of antiviral therapy as
determinants of duration of SARS-CoV-2 shedding and intensity of inflammatory response, Sci.
Adv., 6 (2020), eabc7112. https://doi.org/10.1126/sciadv.abc7112

96. B. E. Young, S. W. X. Ong, S. Kalimuddin, J. G. Low, S. Y. Tan, J. Loh, et al., Epidemiologic
features and clinical course of patients infected with SARS-CoV-2 in singapore, JAMA, 323
(2020), 1488–1494. https://doi.org/10.1001/jama.2020.3204

97. R. Wölfel, V. M. Corman, W. Guggemos, M. Seilmaier, S. Zange, M. A. Müller, et al.,
Virological assessment of hospitalized patients with COVID-2019, Nature, 581 (2020), 465–469.
https://doi.org/10.1038/s41586-020-2196-x

98. O. J. McElvaney, N. L. McEvoy, O. F. McElvaney, T. P. Carroll, M. P. Murphy, D. M. Dunlea,
et al., Characterization of the inflammatory response to severe COVID-19 illness, Am. J. Respir.
Crit. Care Med., 202 (2020), 812–821. https://doi.org/10.1164/rccm.202005-1583OC

99. M. Sa Ribero, N. Jouvenet, M. Dreux, S. Nisole, Interplay between SARS-
CoV-2 and the type I interferon response, PLOS Pathog., 16 (2020), e1008737.
https://doi.org/10.1371/journal.ppat.1008737

100.C. Maucourant, I. Filipovic, A. Ponzetta, S. Aleman, M. Cornillet, L. Hertwig, et al., Natural
killer cell immunotypes related to COVID-19 disease severity, Sci. Immunol., 5 (2020), eabd6832.
https://doi.org/10.1126/sciimmunol.abd6832

101.E. Andreakos, C. H. G. Effort, Type I and type III interferons: From basic biology and
genetics to clinical development for COVID-19 and beyond, Semin. Immunol., 72 (2024), 101863.
https://doi.org/10.1016/j.smim.2024.101863

102.M. M. Islam, S. Islam, R. Ahmed, M. Majumder, B. Sarkar, M. E. R. Himu, et al.,
Reduced IFN-γ levels along with changes in hematologic and immunologic parameters are
key to COVID-19 severity in bangladeshi patients, Exp. Hematol., 118 (2023), 53–64.
https://doi.org/10.1016/j.exphem.2022.11.006

103.T. Herold, V. Jurinovic, C. Arnreich, B. J. Lipworth, J. C. Hellmuth, M. von Bergwelt-Baildon, et
al., Elevated levels of IL-6 and CRP predict the need for mechanical ventilation in COVID-19, J.
Allergy Clin. Immunol., 146 (2020), 128–136. https://doi.org/10.1016/j.jaci.2020.05.008

104.W. Hafez, P. Nasa, A. Khairy, M. Jose, M. Abdelshakour, S. Ahmed, et al., Interleukin-6 and the
determinants of severe COVID-19: A retrospective cohort study, Medicine, 102 (2023), e36037.
https://doi.org/10.1097/MD.0000000000036037

105.Q. X. Long, X. J. Tang, Q. L. Shi, Q. Li, H. J. Deng, J. Yuan, et al., Clinical and
immunological assessment of asymptomatic SARS-CoV-2 infections, Nat. Med., 26 (2020), 1200–
1204. https://doi.org/10.1038/s41591-020-0965-6

Mathematical Biosciences and Engineering Volume 23, Issue 4, 987–1049.

https://dx.doi.org/https://doi.org/10.1016/j.jaci.2020.04.029
https://dx.doi.org/https://doi.org/10.1038/s41590-023-01724-6
https://dx.doi.org/https://doi.org/10.1126/sciadv.abc7112
https://dx.doi.org/https://doi.org/10.1001/jama.2020.3204
https://dx.doi.org/https://doi.org/10.1038/s41586-020-2196-x
https://dx.doi.org/https://doi.org/10.1164/rccm.202005-1583OC
https://dx.doi.org/https://doi.org/10.1371/journal.ppat.1008737
https://dx.doi.org/https://doi.org/10.1126/sciimmunol.abd6832
https://dx.doi.org/https://doi.org/10.1016/j.smim.2024.101863
https://dx.doi.org/https://doi.org/10.1016/j.exphem.2022.11.006
https://dx.doi.org/https://doi.org/10.1016/j.jaci.2020.05.008
https://dx.doi.org/https://doi.org/10.1097/MD.0000000000036037
https://dx.doi.org/https://doi.org/10.1038/s41591-020-0965-6


1021

106.A. Mohamed, S. Zavoshi, R. Mahmood, H. Gidda, The impact of granulocyte colony-stimulating
factor administration in a neutropenic cancer patient with COVID-19-related acute respiratory
distress syndrome, Cureus, 15 (2023), e35399. https://doi.org/10.7759/cureus.35399

107.A. E. Curtis, T. A. Smith, B. A. Ziganshin, J. A. Elefteriades, The mystery of the Z-score, Aorta,
4 (2016), 124–130. https://doi.org/10.12945/j.aorta.2016.16.014

108.E. Brunet-Ratnasingham, S. Morin, H. Randolph, M. Labrecque, J. Bélair, R. Lima-Barbosa,
et al., Sustained IFN signaling is associated with delayed development of SARS-CoV-2-specific
immunity, Nat.Commun., 15 (2024), 4177. https://doi.org/10.1038/s41467-024-48556-y

109.S. Sunder, R. Jayaraman, H. S. Mahapatra, S. Sathi, V. Ramanan, P. Kanchi, et al., Estimation of
renal function in the intensive care unit: The covert concepts brought to light, J. Intensive Care, 2
(2014), 31. https://doi.org/10.1186/2052-0492-2-31

110.S. Petrov, H. Taskov, M. Murdjeva, Guardians of immunity: NK cell-mediated
defense in COVID-19 and post-COVID scenarios, Folia Med., 66 (2024), 12–18.
https://doi.org/10.3897/folmed.66.e113356

111.Y. Nishikawa, K. Yamaguchi, M. A. Shofiudin, M. Mimura, M. Takata, S. Mihara,
et al., Distinct immunity dynamics of natural killer cells in mild and moderate COVID-
19 cases during the Omicron variant phase, Front. Immunol., 16 (2025), 1594296.
https://doi.org/10.3389/fimmu.2025.1594296

112.E. O. Gubernatorova, E. A. Gorshkova, A. Polinova, M. Drutskaya, IL-6: Relevance
for immunopathology of SARS-CoV-2, Cytokine Growth Factor Rev., 53 (2020), 13–24.
https://doi.org/10.1016/j.cytogfr.2020.05.009

113.T. Nawar, S. Morjaria, A. Kaltsas, D. Patel, R. Perez-Johnston, A. F. Daniyan, et al., Granulocyte-
colony stimulating factor in COVID-19: Is it stimulating more than just the bone marrow, Am. J.
Hematol., 95 (2020), E210. https://doi.org/10.1002/ajh.25870

114.J. F. Bermejo-Martin, R. Almansa, A. P. Tedim, A. de la Fuente, J. M. Eiros, A. Torres, et al.,
Mounting evidence of impaired viral control in severe COVID-19, Lancet Microbe, 2 (2021),
e228–e229. https://doi.org/10.1016/S2666-5247(21)00084-7

115.J. Yang, L. Zhang, C. Yu, X. F. Yang, H. Wang, Monocyte and macrophage differentiation:
Circulation inflammatory monocyte as biomarker for inflammatory diseases, Biomarker Res., 2
(2014), 1–9. https://doi.org/10.1186/2050-7771-2-1
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Cytokine’s average receptor number
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Table of model parameters

We provide the detailed information for the parameters and their values, shown in Eqs (2.1)–(2.23),
and for how parameters were estimated. Specifically, model parameters were obtained either from
the literature or through data-fitting to dose response data or time-series measurements. Remaining
parameters were estimated based on homeostasis calculation.

Table A.1. Initial conditions for model variables (H refers to homeostasis calculation).

Symbol Description Unit Value Reference

V0 Initial viral load log10(cop/ml) 4.5 [143]
S 0 Initial susceptible cells 109 cells/ml 0.16 [144, 145]
I0 Initial infected cells 109 cells/ml 0 –
R0 Initial resistant cells 109 cells/ml 0 –
MΦR,0 Initial resident macrophages 109 cells/ml 2.7 × 10−5 [144]
MΦI,0 Initial inflammatory macrophages 109 cells/ml 1.5 × 10−6 H
M0 Initial monocytes 109 cells/ml 0.0004 [146]
MR Initial reservoir monocytes 109 cells/ml 0.0023 [14]
N0 Initial neutrophils 109 cells/ml 0.0053 [84]
NR Initial reservoir neutrophils 109 cells/ml 0.0316 [84]
T0 Initial CD8+ T cells 109 cells/ml 1.1 × 10−4 [147, 148]
K0 Initial NK cells 109 cells/ml 7.15 × 10−5 [149]
KR Initial reservoir NK cells 109 cells/ml 1.1 × 10−4 [150]
LU,0 Initial unbound IL-6 pg/ml 1.1 [151]
LB,0 Initial bound IL-6 pg/ml 1.4 × 10−6 H
GU,0 Initial unbound GM-CSF pg/ml 2.43 [152]
GB,0 Initial bound GM-CSF pg/ml 1.6 × 10−8 H
CU,0 Initial unbound G-CSF ng/ml 0.025 [84]
CB,0 Initial bound G-CSF ng/ml 6.5 × 10−10 [84]
FU,0 Initial unbound type I IFN pg/ml 0.015 [153]
FB,0 Initial bound type I IFN pg/ml 1.1 × 10−8 H
γU,0 Initial unbound IFN-γ pg/ml 0.91 [154]
γB,0 Initial bound IFN-γ pg/ml 1.432 × 10−7 H
αU,0 Initial unbound TNF-α pg/ml 0.7 [155]
αB,0 Initial bound TNF-α pg/ml 1.3 × 10−6 H
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Table A.2. Parameter modifications for severe COVID-19 disease in Figure 2.

Symbol Description Unit Mild case Severe case Reference

pF,I Production of type I IFN by infected cells pg/ml/day 2.82 0.002 [156]
pM,I Monocyte recruitment rate by infected

cells
1/day 0.22 1.2 [157]

ηF,MΦI Cytokine production half-effect coefficient
of type I IFN by inflammatory
macrophages

109 cells/ml 1.3 × 10−6 2 × 10−4 H

ϵL,K Half effect constant for IL-6 inhibition of
NK cell cytotoxicity

pg/ml 2.102 × 10−5 2.102 × 10−6 [83]

pγ,T Production rate of IFN-γ by T cells pg/ml/day 300 30 [158]

Table A.3. Viral kinetic parameters.

Symbol Description Unit Value Reference

p Lytic viral production rate 1/day × log10(cop/ml)/109 cells 591 [143]
β Transmission rate (or virus infection rate) 1/day × 1/log10(cop/ml)/109 cells 0.29 [143]
S max Epithelial cells carrying capacity 109 cells S 0 = 0.16 [144]
MΦmax Macrophage carrying capacity 109 cells MΦR,0 = 2.7×10−5 [14]
λS Proliferation of epithelial cells 1/day 0.74 [159]
λMΦ Production of alveolar macrophages log10(cop/ml)/day 5943 [160]
τI Eclipse time day 0.17 [161]
dI Death rate of infected cells 1/day 0.1 [14]
τT Delay in CD8+ T cell arrival day 4.5 [71]
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Table A.4. Cell production, recruitment, and activation rates (H refers to homeostasis
calculation).

Symbol Description Unit Value Reference

pMΦI ,G Monocyte to macrophage differentiation by GM-
CSF

1/day 1.68 [35]

pMΦI ,L Monocyte to macrophage differentiation by IL-6 1/day 0.78 [76, 77]
aI,MΦ Activation of macrophages by infected and dead

cells
ml/(109 cells) × (1/day) 1.1 × 103 [162, 163]

pM,I Monocyte recruitment rate by infected cells 1/day 0.22 [157]
pT,F CD8+ T cell production rate by IFN 1/day 4 [164]
pT,γ CD8+ T cell production rate by IFN-γ 1/day 6.56 [165]
pN,L Neutrophil recruitment rate by IL-6 1/day 0.21 Homeostasis (H)
pT,L CD8+ T cell recruitment rate by IL-6 1/day 4 [166]
pT,I CD8+ T cell proliferation rate 1/day 0.016 [167]
pK NK proliferation rate 1/day 0.0365 [78]
pK,α NK production rate by TNF-α 1/day 0.2148 [78]
M∗prod Homeostasis reservoir release rate 1/day 0.13 H

ψMmax Maximal reservoir release rate 1/day 11.55 [168]
N∗prod Homeostasis reservoir release rate 1/day 0.21 H

ψNmax Maximal reservoir release rate 1/day 4.13 [84]
K∗prod Homeostasis reservoir release rate 1/day 0.1 H

C∗BF Homeostasis neutrophil receptor bound fraction – 1.6 × 10−5 [84]
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Table A.5. Cell-related half-effect (ϵ), IC50 (IC50), and Hill coefficient (h) parameters.

Symbol Description Unit Value Reference

ϵF,I Type I IFN inhibition of viral production pg/ml 2 × 10−4 [91]
ϵγ,I IFN-γ inhibition of viral production pg/ml 3.147 × 10−4 [169]
ϵL,MΦ IL-6 monocytes to macrophages pg/ml 0.001 [76]
ϵα,MΦI TNF-α inhibition of macrophage differentiation pg/ml 0.001093 [76]
ϵG,MΦI GM-CSF monocyte to macrophages pg/ml 0.027 [170]
ϵG,M GM-CSF recruitment of monocytes pg/ml 57.2 [43]
ϵF,T Type I IFN production of CD8+ T cells pg/ml 0.004 [171]
ϵγ,T IFN-γ production of CD8+ T cells pg/ml 0.004 [171]
ϵC,N G-CSF recruitment of neutrophils unitless 1.89 × 10−4 [84]
ϵL,N IL-6 recruitment of neutrophils pg/ml 57.2 [43]
ϵI,M Infected cell monocyte recruitment 109 cells/ml 0.11 [14]
ϵL,T IL-6 production of CD8+ T cells pg/ml 1.5 × 10−5 [172]
ϵV,MΦ Viral load for macrophage replenishing log10(cop/ml) 0.905 [173]
ϵT,I Antigen driven proliferation 109 cells/ml 10−6 [167]
ϵL,K IL-6 inhibition of NK cell cytotoxicity pg/ml 2.102 × 10−5 [83]
ϵK,I NK cells lyse infected cells 109 cells/ml 2.345× 10−3 [174]
ϵK,T NK cells lyse T cells 109 cells/ml 3.646× 10−3 [175]
ϵα,K TNF-α recruitment of NK cells pg/ml 0.06192 [78]
ϵγ,α TNF-α and IFN-γ synergestic induced damage to

inflammatory macrophages
(pg/ml)2 1.994 × 10−5 [52]

hM GM-CSF monocyte recruitment – 1.67 [43]
hMΦI ,α TNF-α inhibition of inflammatory macrophage

differentiation
– 0.4 [76]

hM,MΦ GM-CSF monocyte to macrophages – 2.03 [170]
hN Neutrophil induced damage – 3.02 [162]
IC50,N Neutrophil induced damage 109 cells/ml 0.047 [162]
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Table A.6. Cell/virus-induced death rates.

Symbol Description Unit Value Reference

δV,MΦ Rate of viral clearance by macrophages ml/(109 cells) × 1/day 1152 [176]
δV,N Rate of viral clearance by neutrophils ml/(109 cells) × 1/day 1047 [14]
δN Rate of neutrophil inflicted damage 1/day 1.68 [176]
ρ Bystander death modulation constant – 0.5 [14]
δI,MΦ Rate macrophages phagocytose infected cells ml/(109 cells) × 1/day 121 [177]
δI,T Rate CD8+ T cells induce apoptosis in infected cells ml/(109 cells) × 1/day 47.6 [178]
δI,K Rate NK cells lyse infected cells 1/day 1.037 [174]
δT,K Rate NK cells lyse T cells 1/day 0.1593 [175]
δMΦI Rate inflammatory macrophages die due to TNF-α and

IFN-γ
1/day 0.1543 [52]

δMΦ,D Rate macrophages die from phagocytosis ml/(109 cells) × 1/day 6.06 [74, 179]
δD,MΦ Rate macrophages phagocytose dead cells ml/(109 cells) × 1/day 8.03 [74]

Table A.7. Cell death and virus decay rates.

Symbol Description Unit Value Reference

dV Viral decay rate 1/day 0 [180]
dD Degradation rate of apoptosed cells 1/day 8 [75]
dMΦR Alveolar macrophage death rate 1/day 0 [181]
dMΦI Inflammatory macrophage death

rate
1/day 0.3 [182]

dM Monocyte death rate 1/day 0.76 [183]
dN Neutrophil death rate 1/day 1.28 [84]
dT CD8+ T cell death rate 1/day 0.4 [184]
dK NK cell death rate 1/day 0.156 [185]
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Table A.8. Cytokine production rates.

Symbol Description Unit Value Reference

pL,I IL-6 production by infected cells pg/ml/day 11.89 [186]
pL,MΦ IL-6 production by activated macrophages pg/ml/day 1872 [187]
pL,M IL-6 production by monocytes pg/ml/day 36.28 [188]
pG,MΦI GM-CSF production by inflammatory macrophages pg/ml/day 2626 [189]
pG,M GM-CSF production by monocytes pg/ml/day 3070 [190]
pC,M G-CSF production by monocytes pg/ml/day 30.70 [14]
pF,I Type I IFN production by infected cells pg/ml/day 2.82 [156]
pF,MΦI Type I IFN production by inflammatory macrophages pg/ml/day 1.3 [14]
pF,M Type I IFN production by monocytes pg/ml/day 3.56 [191, 192]
pγ,K IFN-γ production by NK cells pg/ml/day 325 [193]
pγ,T IFN-γ production by T cells pg/ml/day 300 [158]
pα,MΦI TNF-α production by inflammatory macrophages pg/ml/day 3824 [187]
pα,M TNF-α production by monocytes pg/ml/day 110 [194, 195]
pα,T TNF-α production by T cells pg/ml/day 450 [196]
pα,K TNF-α production by NK Cells pg/ml/day 1000 [193, 197]

Table A.9. Cytokine production half-effect (η) parameters.

Symbol Description Unit Value Reference

ηL,I IL-6 production by infected cells 109 cells/ml 0.7 [186]
ηL,M IL-6 by monocytes 109 cells/ml 0.0045 [188]
ηL,MΦI IL-6 by inflammatory macrophages 109 cells/ml 1.82 × 10−4 [187]
ηG,MΦI GM-CSF by macrophages 109 cells/ml 1.82 × 10−4 [14]
ηG,M GM-CSF by monocytes 109 cells/ml 0.15 H
ηC,M G-CSF by monocytes 109 cells/ml 8 × 10−4 H
ηF,I Type I IFN by infected cells 109 cells/ml 0.011 [156]
ηF,MΦI Type I IFN by inflammatory macrophages 109 cells/ml 2 × 10−4 H
ηF,M Type I IFN by monocytes 109 cells/ml 0.54 [191, 192]
ηγ,K IFN-γ by NK cells 109 cells/ml 2.99×10−4 [193]
ηγ,T IFN-γ by T cells 109 cells/ml 8.37×10−5 [183]
ηα,MΦI TNF-α by inflammatory macrophages 109 cells/ml 2.22×10−4 [198]
ηα,M TNF-α by monocytes 109 cells/ml 0.3851 [199]
ηα,T TNF-α by T cells 109 cells/ml 9.706× 10−5 [200, 201]
ηα,K TNF-α by NK cells 109 cells/ml 4.29 × 10−4 [193, 197]
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Table A.10. Cytokine (renal) clearance and internalization rates.

Symbol Description Unit Value Reference

klinL Rate of IL-6 renal clearance 1/day 16.6 [202]
klinG Rate of GM-CSF renal clearance 1/day 11.7 [203]
klinC Rate of G-CSF renal clearance 1/day 0.16 [84]
klinF Rate of type I IFN renal clearance 1/day 16.63 [204]
klinγ Rate of IFN-γ renal clearance 1/day 28.5 [204]
klinα Rate of TNF-α renal clearance 1/day 33.27 [205]
kintL Internalization rate of IL-6 1/day 61.8 [206]
kintG Internalization rate of GM-CSF 1/day 73.4 [207]
kintC Internalization rate of G-CSF 1/day 462 [84]
kintF Internalization rate of type I IFN 1/day 17 [208]
kintγ Internalization rate of IFN-γ 1/day 17 [14]
kintα Internalization rate of TNF-α 1/day 57.6 [209, 210]

Table A.11. Cytokine binding/unbinding rates and stoichiometric constants.

Symbol Description Unit Value Reference

kBL IL-6 binding rate ml/pg/day 0.0018 [211]
kBG GM-CSF binding rate ml/pg/day 0.0021 [207]
kBC G-CSF binding rate ml/ng/day 2.24 [84]
kBF IFN binding rate ml/pg/day 0.011 [208]
kBγ IFN-γ binding rate ml/pg/day 0.0382 [212]
kBα TNF-α binding rate ml/pg/day 0.096 [213]
kUL IL-6 unbinding rate 1/day 22.3 [211]
kUG GM-CSF unbinding rate 1/day 522 [207]
kUC G-CSF unbinding rate 1/day 184 [84]
kUF IFN unbinding rate 1/day 6.07 [208]
kUγ

IFN-γ unbinding rate 1/day 432 [212]
kUα

TNF-α unbinding rate 1/day 449.46 [213]
W Stoichiometric constant (G-CSF) – 1.4608 [84]
p̂ Stoichiometry relating constant (IL-6, GM-CSF,

IFN, IFN-γ, TNF-α)
– 1 [14]

p̂ Stoichiometry relating constant (G-CSF) – 2 [84]
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Table A.12. Number of cellular receptors and cytokine molecular weights.

Symbol Description Unit Value Reference

KL,N No. IL-6 receptors on neutrophils sites/cell 720 [214]
KL,T No. IL-6 receptors on T cells sites/cell 300 [215]
KL,M No. IL-6 receptors on monocytes sites/cell 509 [216]
KG,M No. GM-CSF receptors on monocytes sites/cell 1058 [217]
KC,N No. G-CSF receptors on neutrophils sites/cell 600 [218]
KF,T No. of type I IFN receptors on T cells sites/cell 1000 [219]
KF,I No. of type I IFN receptors on infected cells sites/cell 1300 [220]
Kγ,T No. of IFN-γ receptors on T cells sites/cell 500 [212]
Kγ,I No. of IFN-γ receptors on infected cells sites/cell 1800 [212]
Kγ,MΦI No. of IFN-γ receptors on inflammatory macrophages sites/cell 760 [219]
Kα,M No. of TNF-α receptors on monocytes sites/cell 230 [221]
Kα,T No. of TNF-α receptors on T cells sites/cell 300 [213]
Kα,MΦI No. of TNF-α receptors on inflammatory macrophages sites/cell 1500 [213]
Kα,I No. of TNF-α receptors on infected cells sites/cell 714 [222]
Kα,K No. of TNF-α receptors on NK cells sites/cell 230 [221]
MML Molecular weight of IL-6 g/mol 21,000 [223–225]
MMG Molecular weight of GM-CSF g/mol 14,000 [226]
MMC Molecular weight of G-CSF g/mol 19,600 [84]
MMF Molecular weight of IFN-β g/mol 19,000 [227]
MMγ Molecular weight of IFN-γ g/mol 16,500 [204]
MMα Molecular weight of TNF-α g/mol 17,300 [228, 229]

Parameters taken from literature

NK cell proliferation rate

NK cells are proliferated and activated by various cytokines that are not explicitly represented in
our model. For example, IL-2 is a primary cytokine responsible for the proliferation and activation of
NK cells. To make up for IL-2’s effect, incorporating a proliferation rate into Eq (2.8) in our model is
essential. The proliferation rate of NK cells in both young and elderly adults was measured using Ki67
assay [185]. The results indicated no significant difference between the two age groups, so the average
NK proliferation rate of pK = 0.0365/day.

NK cell death rate

Like normal cells, NK cells undergo cell death via apoptosis. They undergo apoptosis to regulate
immune responses, ensure immune system balance, and prevent prolonged or excessive activity.
Hence, a death rate for NK is necessary in Eq (2.8). The apotosis rate of NK cells in both young and
elderly adults was measured using terminal deoxynucleotidyl transferase dUTP nick end labeling
(TUNEL) assay [185]. The results similarly indicated no significant difference between the two age
groups, so the average NK apoptosis rate of dK = 0.156/day is used.
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TNF-α internalization rate

Similarly to other cytokines, TNF-α occasionally internalizes into a cell after binding to cell
receptors [44]. It should be noted that TNF-α can contain two distinct internalization rates due to
having multiple receptors. Namely, TNF-α can bind to TNF-α receptor 1 (TNFR1) and TNF-α
receptor 2 (TNFR2) [210]. TNFR1 and TNFR2 have internalization rates of 66.528 and 39.744 per
day, respectively [213]. To capture both receptors in our model while incorporating the fact that
TNFR1 having higher affinity [210], we take a weighted average of both internalization rates, with
TNFR1 having a weight of 0.66 and TNFR2 having a weight 0.33. Through this process we obtain a
weighted average kintα of 57.6 per day.

TNF-α unbinding and binding, and renal clearance rates

Upon binding to a cell receptor, cytokines will eventually unbind, discontinuing the cytokine to cell
interaction [221]. TNF-α’s unbinding average across both TNFR1 and TNFR2 receptors are found to
be 449.46 per day [213]. We thus use kUα

= 449.46/day. The rate in which TNF-α binds to cell receptors
is found by calculating the weighted average between both receptors. Using different weights (0.66
and 0.33) for TNFR1 and TNFR2, respectively, our average binding rate is kBα = 0.096 pg/ml/day [213].
Circulating (unbound) TNF-α is filtered and cleared away from the system at rate klinα of 33.27 per
day [205].

TNF-α molecular weight and receptor counts

TNF-α, in its common form, has been reported by various studies [228,229] to possess a molecular
weight of 17,300 kD (or g/mol). Thus, MMα = 17,300 g/mol.

In our model, monocytes, inflammatory macrophages, NK cells, T cells, and infected cells are
found to have significant numbers of TNF-α receptors (TNFR) [213]. While some studies have varying
numbers of TNFR, with an upper and lower bound of receptor counts, we specifically looked at lower
bounds as we found that studies with higher levels of TNFR often contained stimulants that likely
altered surface receptor expressions [221]. Concluding our search for TNF-α receptor counts, we find
that, approximately, monocytes contain 230 TNFR, CD8+ T cells contain 300 TNFR, infected cells
contain 714 TNFR, and macrophages contain 1500 TNFR [213]. Since it is difficult to find NK cell
receptor counts, we decide to set NK TNFR expression similar to monocyte TNFR expressions, as
both are from the same lineage of cells [221].

TNF-α initial unbound and bound levels

We obtained the initial levels of unbounded TNF-α by finding the average circulating serum levels
of TNF-α in healthy adults across diverse age groups [155]. Studies suggest unbounded levels to
be around 0.7 pg/ml, with a statistical significance of p < 0.025. Regarding the bounded TNF-α
parameter, we calculated it using the following equations:

Aα =
MMα × 1012

6.02214 × 10−23 (Kα,MΦI + Kα,T + Kα,I + Kα,M + Kα,K) × 109 ×
1

5000
,

αB0 =
kB × Aα × αU0 × (MΦI + M + K)

kB × αU0 + kint + kU
.
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Using Eq (A.29) (calculated from homeostasis), we found initial bounded TNF-α levels αB,0 to be
approximately 1.3 × 10−6 pg/ml.

IFN-γ inhibition of viral production

Both type I IFN and IFN-γ inhibit viral production through the release of interferon stimulated genes
(ISGs) [47]. The study in [169] attempted to measure how well IFN-γ could inhibit viral replication
as well as type 1 IFNs. Using viral plaques as the measure of viral inhibition, this study showed
that 100 U/ml of IFN-γ was enough to cut viral plaque numbers in half, representing a half effect
concentration. In order to convert this number to pg/ml, two steps were taken. First, we divide the half
effect concentration by a specific activity derived from the results in [230]. This provides us with 100

5×107

= 2000 pg/ml.
Since 2000 pg/ml is the number of free circulating IFN-γ that produces this effect, we must convert

this number to the amount of bound IFN-γ. We do this by multiplying the unbounded half effect by
the ratio between initial bound and unbound IFN-γ. That is, 2000 × 1.432×10−7

0.91 = 3.147 × 10−4 pg/ml.

Internalization rate of IFN-γ

Given limited information on the pharamcodynamics of IFN-γ, we choose to use the internalization
rate of IFN type I, reported by [14] to be 17/day.

IFN-γ unbinding and binding, and renal clearance rates

The half life of IFN-γ was reported by [204] to be between 25–35 minutes. Picking the upper bound
gives us a half life equivalent to 0.0243 days. We then turned the half life into the clearance rate by
rearranging equations from [231]. This gives us klinγ =

ln(2)
0.0243 = 28.5/day. Sadir et al. [212] reported an

unbinding rate koff = 5 × 10−3/s for IFN-γ, which converts to kUγ
= 0.005 × 86,400 = 432/day.

The reported binding rate is kon = 7.3 × 106 1/(M × s) (or L/(mol × s)) [212]. To express this
in ml/pg/day, we divide by the molecular weight Mγ in ml/pg/day and convert units: kon =

(
7.3 ×

106 × 1000 × 86,400
)
/Mγ. We then derive the molar mass from the molecular weight, taking Mγ =

16.5 kDa = 1.65 × 1016 pg mol−1 [232], giving kBγ ≈ 0.0382 ml/pg/day.
Lastly, the terminal half-life of human IFN-γ is t1/2 = 25–35 min [204]; using the upper bound (35

min = 0.0243 day), the first-order clearance rate is klinγ = ln(2)/t1/2 ≈ 28.5/day.

IFN-γ receptor counts

The amount of IFN-γ receptors on T cells and infected cells are found from [212]. The receptor
counts are Kγ,I = 1800 receptors/cell and Kγ,T = 500 receptors/cells. The receptor counts for
macrophages were found to be Kγ,MΦI = 760 receptors/cell from [219].

Parameters estimated from data fitting

Figures A.1–A.3 present the parameter estimation results obtained through data fitting. Detailed
explanations are provided in each subsection below.
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Effect of NK cells on infected cells

At higher relative densities of target cells, it is more likely that NK cells encounter target cells that
can trigger degranulation. This means that the number of infected cells affect the NK cell’s cytotoxicity.
NK cell’s targeting on infected cells is therefore modeled by:

dI
dt
= −

δI,K IK
K + ϵK,I

, (A.7)

where δI,K is the infected cells death rate by NK cells measured in 1/day. The study in [174] measured
NK cell lysis dependent on NK cell and infected cells. We fit the data to Eq (A.7), resulting in δI,K =

1.037 1/day and ϵK,I = 2.345 × 10−3 (in 109 cells/ml) with 95% confidence interval (0.8927, 1.18) and
(1.476 × 10−3, 3.214 × 10−3), respectively, as shown in Figure A.1A.

Effect of NK cells on T cells

The study in [233] observed an increase in T cells differentiation when NK is depleted in vivo
setting. The dynamic is modeled by:

dT
dt
= −

δT,KT K
K + ϵK,T

, (A.8)

where δT,K is T-cell death rate by NK cells measured in 1/day. Cytotoxicity assays are conducted
utilizing IL-2–activated NK cells as effectors and T cells as target cells [175]. Data fitting involving
both natural killer group 2, member D (NKG2D) and DNAX accessory molecule-1 (DNAM-1)
receptors to the model equation (A.8) yielded δT,K = 0.1593 1/day with 95% confidence interval of
(0.146, 0.1725) 1/day (see Figure A.1B).

Effect of TNF-α on NK proliferation

TNF-α promotes aerobic glycolysis, mediating NK cell proliferation. Proliferation of NK cells by
TNF-α is given by:

dK
dt
=

pK,ααBK
αB + ϵα,K

, (A.9)

where pK,α is the NK production rate by TNF-αmeasured in 1/day. Khan et al. [78] observed that TNF-
α promotes activation and proliferation of NK cells. The percentage of CD25+ cells were measured
using stimulation with different doses of TNF-α ex vivo for 3 days. CD25+ is a marker for activated
NK cells. Data fitting to the modeled equation yields pK,α = 0.2148 1/day with 95% confidence interval
of (0.111, 0.3184) 1/day. The fitting is shown in Figure A.1C.

NK cytotoxicity inhibition by IL-6

IL-6 does not reduce the number of NK cells but decreases their cytotoxic activity. A study
in [234] observed no significant difference in the number of NK cells activated with or without IL-6.
However, in the presence of IL-6, there was a significant decrease in NK cytotoxicity. This suggests
an inhibitory dynamic, where IL-6 reduces the cytotoxicity of NK cells toward infected cells and
T-cells. Consequently, the IL-6 term is incorporated into the death term of these cells as mediated by
NK cells, modifying Eqs (A.7) and (A.8):
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dI
dt
= −

(
δI,K IK

K + ϵK,I

) (
ϵL,K

ϵL,K + LB

)
, (A.10)

dT
dt
= −

(
δT,KT K
K + ϵK,T

) (
ϵL,K

ϵL,K + LB

)
, (A.11)

where ϵL,K is the half coefficient for the inhibition of NK cells by IL-6 measured in pg/ml.

In vivo observation supports that IL-6 reduces the cytolytic activity of NK cells, accompanied by
the down-regulation of granzyme B and perforin. A negative correlation between the concentration
of IL-6 and the cytolytic activity of NK cells in PF cells was observed and measured [234]. Using
the parameters estimated previously for δI,K and ϵI,K , the data of this correlation is used to fit to the
equation for infected cells and yielded ϵL,K = 2.102 × 10−5 pg/ml with 95% confidence interval of
(6.636 × 10−6, 3.546 × 10−5) pg/ml (Figure A.1D).

We conducted additional validation using data [83] by graphing the effect of NK on infected cells
with different doses of IL-6. Moreover, infected cells killed by NK cells were predicted with different
IL-6 concentrations, as shown in Figure A.1E, to confirm the estimated parameter values.

Figure A.1. Dynamics of NK cells on other immune cells and cytokines. A) Death rate of
infected cells by NK cells (Eq (A.7)), B) Death rate of T cells by NK cells (Eq (A.8)), C)
Proliferation of NK cells by TNF-α (Eq (A.9)), D) Inhibition of NK cytotoxicity by IL-6 was
fitted to estimate the half-coefficient of the inhibition term (Eq (A.10)), and E) Infected cells
killed by NK cells were predicted with different IL-6 concentrations for further confirmation.
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TNF-α production by CD8+ T cells

In order to model the production of TNF-α by CD8+ T cells, we used the following fit:

dαU

dt
=

pα,T T
T + ηα,T

. (A.12)

Figure A.2. TNF-α production by immune cells and its inhibition on the monocyte
differentiation to inflammatory macrophages. A)–B) Fitting the equation of TNF-α
production by CD8+ T cells (Eq (A.12)) and NK cells (Eq (A.14)), where TNF-α cytokine
levels (pg/ml) are expressed over time (hours and days, respectively). C)–D) Fitting
the equations of TNF-α production by macrophages for maximum production rate and
its half-effect concentration, (Eqs (A.15) and (A.16)), respectively, where cytokine levels
(pg/ml) are expressed over time (days) with fixed macrophage concentration. Note that A)–
D) show an intermediate, single-parameter estimation step used to obtain the half-effect
coefficients in A)–B) and D) or maximum rate in C) for TNF-α production by immune
cells from time-series data at fixed immune cell abundance; the linear fit, thus, reflects this
estimation procedure rather than full model dynamics. E) Fitting the equation of TNF-α
production by monocytes (Eq (A.17)), where TNF-α concentrations (pg/ml) are expressed
over lipopolysaccharide (LPS) counts (pg/ml). Lastly, F) Fitting the equation of monocyte
differentiation to macrophage, induced by IL-6 while being inhibited by TNF-α (Eq (A.18)),
where macrophage production (cells/ml) is expressed over TNF-α cytokine levels (pg/ml)
with IL-6 level fixed at 200 pg/ml.

The maximum production rate pα,T was interpolated by using data in [196], showing the temporal
production of TNF-α by activated CD8+ T cells. This yielded a value of pα,T = 900 pg/ml/2 days =
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450 pg/ml/day. The half-effect of production ηα,T = 9.706 × 10−5 (in 109 cells/ml) was found using a
combination of methods with a 95% confidence interval of (5.816×10−5, 1.366×10−4) (in 109 cells/ml).
First, we used data from [200], which states the mean fluorescence of TNF-α in a CD8+ T cell culture.
Given that mean fluorescence is in RFU (relative fluorescence units), we fit the fluorescence values to
a standard curve for TNF-α [201], which converts our fluroescence into TNF-α concentration. Using
this process, we obtain a concentration for every time step. These values are then fitted using the
term below:

αU = time ×
pα,T T

T + ηα,T
. (A.13)

Note that Figure A.2A illustrates an intermediate parameter-estimation step used to obtain the half-
effect coefficient for TNF-α production by T cells, ηα,T . Since the experimental data provide time-
series measurements at a fixed T-cell abundance, with the maximal production rate being fixed at pα,T =
450 pg/ml/day the half-effect parameter ηα,T is estimated from the effective linear-in-time production
rate. Thus, this figure is not intended to validate the full dynamic model.

TNF-α production by NK cells

Similarly to monocytes, TNF-α secretion by NK cells is also found through data fitting. In the
instance of NK cells, data found in [193,197] is used for data fit to temporal TNF-α production by NK
cells. The following fit is shown below:

dαU

dt
=

pα,KK
K + ηα,K

. (A.14)

Through our findings, we discover that inactive NK cells secrete very little TNF-α levels [193, 197].
To gather accurate pathogenic behaviors in COVID-19 cases, we utilize studies where NK cells were
activated by commonly found stimulants in the body [193]. This leads us to a maximum rate pα,K of
approximately 1000 pg/ml/day. We then used the fixed maximum rate to obtain the half effect ηα,K
of 4.29 ×10−4 (in 109 cells/ml) with the 95% confidence interval of (2.49 × 10−4, 1.19 × 10−3) (in
109 cells/ml), as demonstrated in Figure A.2B. Similar to Figure A.2A, Figure A.2B also represents
an intermediate, single-parameter estimation step (for ηα,K at fixed K value) and is not intended as a
validation of the full model dynamics.

TNF-α production by inflammatory macrophages

To model TNF-α production of inflammatory macrophages, we used the Hill function below:
dαU

dt
=

pα,MΦI MΦI

MΦI + ηα,MΦI

. (A.15)

The half effect is obtained by fitting the term above to temporal production data from [198], giving us
ηα,MΦI = 2.22 × 10−4 (in 109 cells/ml) with the 95% confidence interval of (3.74 × 10−5, 1.32 × 10−3)
(in 109 cells/ml), as shown in Figure A.2C. We then fit this half effect to a study by [187] which
measured production of TNF-α under LPS stimulation. We incorporated LPS as a scalar, shown below:

dαU

dt
= LPS

pα,MΦI MΦI

MΦI + ηα,MΦI

. (A.16)

This generates a max production rate of TNF-α by macrophages, pα,MΦI = 3824 pg/ml/day with the 95%
confidence interval of (2981.43, 4533.9) pg/ml/day, as can be seen in Figure A.2D.
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TNF-α production by monocytes

When pathogens invade a host, the immune defense includes cytokine secretion by differing
cells [194]. During the innate response, monocytes secrete relevant levels of TNF-α [194]. To
discover the rate in which monocytes secrete TNF-α upon invasion, we fit data found in multiple
sources [194, 195] to the following equation:

dαU

dt
= LPS

pα,M M
M + ηα,M

. (A.17)

From literature for TNF-α secretion [194, 195], we obtained the maximum production rate, pα,M =
110 pg/ml. The half effect was obtained by fitting LPS data from [199]. This led us to ηα,M of 0.3851
×109 cells/ml with the 95% confidence interval of (0.3248× 109, 0.4227× 109) cells/ml (Figure A.2E).

TNF-α inhibition of monocyte to macrophage differentiation

TNF-α is known to inhibit IL-6 induced monocyte to macrophage differentiation [60]. To capture
this behavior, the modified equation from [14] is used, as follows:

dMΦI

dt
=

(
pMΦI ,LLBM
LB + ϵL,MΦI

)  ϵ
hMΦI ,α

α,MΦI

ϵ
hMΦI ,α

α,MΦI
+ α

hMΦI ,α

B

 . (A.18)

Parameter values for IL-6–induced monocyte-to -macrophage differentiation, pMΦI ,L = 0.78 1/day,
and ϵL,MΦI = 0.001 pg/mL, were obtained from [14]. TNF-α inhibition of this differentiation process
was then fitted to experimental data from [60], yielding ϵα,MΦI = 0.001093 pg/mL with a 95%
confidence interval of (1.32172 × 10−7, 0.925648), and a Hill coefficient hMΦI ,α = 0.4 with a 95%
confidence interval of (3.69 × 10−3, 72.64) (Figure A.2F).

In Eq (A.18), the Hill coefficient controls the steepness of TNF-α–mediated inhibition, yielding
minimal suppression at low TNF-α concentrations and strong inhibition at higher concentrations.
This functional form reproduces the threshold-like regulatory behavior characteristic of
cytokine-mediated control of monocyte-to-macrophage differentiation. We note that the confidence
interval for the Hill coefficient is wide, reflecting limited identifiability of the steepness parameter
from the available data and its correlation with the half-effect concentration. Nevertheless, the fitted
inhibitory function captures the qualitative suppression of monocyte-to-macrophage differentiation by
TNF-α supported by experimental observations.

Inflammatory macrophage death induced by TNF-α and IFN-γ

TNF-α and IFN-γ have been shown to synergistically induce programmed cell death in
inflammatory macrophages [52]. We captured this behavior through the following equation:

dMΦI

dt
= −

δMΦIαBγB

αBγB + ϵγ,α
. (A.19)

Fitting the equation to data found in [52] yields δMΦI = 0.1543 1/day, and ϵγ,α = 1.994 ×10−5 (pg/ml)2

(see Figure A.3A). The 95% confidence interval for the death rate and half effect are (0.15, 0.16) 1/day
and (8.5 × 10−6, 3.14 × 10−5) (pg/ml)2, respectively.
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Half-effect of IFN-γ production by CD8+ T cells

The half-effect concentration ηγ,T = 8.37×10−5 (in 109 cells/ml) for production of IFN-γ was found
using data from [183]. This data is fit to the following equation and the fitted curve is provided in
Figure A.3B. The 95% confidence interval is (2.591 × 10−6, 1.65 × 10−4) (in 109 cells/ml).

dγU

dt
=

pγ,T T
T + ηγ,T

. (A.20)

Half-effect of IFN-γ production by NK cells

The following equation was fitted to the data in [193] to estimate the half-effect concentration
ηγ,K = 2.99 × 10−4 (in 109 cells/ml) for production of IFN-γ by NK cells with the 95% confidence
interval of (10−4, 1.1 × 10−3) (in 109 cells/ml). Similar to Figure A.2A–D, Figure A.3C depicts an
intermediate step in estimating the half-effect coefficient for IFN-γ production by NK cells. In this
figure, the maximal production rate is fixed based on literature values, and the data is used solely to
estimate the corresponding half-effect parameter from time-series measurements at a fixed NK cell
concentration. As a result, the fitted trend shown in Figure A.3C is linear in time and is not intended
as a validation of the full model dynamics.

dγU

dt
=

pγ,KK
K + ηγ,K

. (A.21)

Figure A.3. Interactions between IFN-γ and immune system. A) Equation (A.19) fitted to
the death rate of inflammatory macrophages by varying combinations of TNF-α and IFN-γ:
control, 2 + 1, 20 + 10, 50 + 25, 100 + 50 ng/mL of TNF-α and IFN-γ, respectively [52].
This fit results in the production rate and half effect of Eq (A.19). B) Eq (A.20) was fitted
to peptide stimulated production of IFN-γ. This fit was used to provide the half-effect
constant of IFN-γ production by CD8+ T cells. C) Eq (A.21) was fitted to data for the
IFN-γ production by stimulated NK cells over 0, 1, 3, 6, 8, 10, and 12 hours [193]. Note in
this figure, while the maximal production rate is fixed, the data in [193] is used solely to
estimate the corresponding half-effect parameter from time-series measurements at a fixed
NK cell concentration. As a result, the fitted trend shown is linear in time and is not intended
as a validation of the dynamic model.
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Parameters calculated from homeostasis

The remaining parameters in the model are chosen to ensure that the immune system admits a
biologically meaningful homeostatic state in the absence of infection. By homeostasis, we refer to
the uninfected resting state of the immune system, in which immune cell populations and cytokine
concentrations remain constant in time. Mathematically, this corresponds to a steady state satisfying
d/dt = 0 for all model variables, with viral and resistant compartments set to zero (V = R = 0).

Rather than fitting these parameters directly to infection time-course data–where many of them
are weakly identifiable–we use homeostasis as a biologically motivated constraint that restricts the
admissible parameter space. Specifically, we impose steady-state conditions by setting the righthand
side of each governing equation to zero and solving the resulting algebraic system,

dXi

dt
= 0,

for the corresponding homeostatic values X∗i . These steady-state relations yield closed-form
expressions linking parameters to baseline immune cell and cytokine levels, which we refer to as the
homeostasis equations (Eqs (A.22)–(A.40)). The equations are solved sequentially by substitution,
exploiting the hierarchical structure of the model and the biological dependencies among variables.

Importantly, this procedure does not uniquely determine all parameters; instead, it enforces balance
between production, binding, and clearance processes so that the model admits a stable resting state
consistent with physiological expectations. Any remaining free parameters are subsequently selected to
ensure that the system returns to this homeostatic equilibrium following small perturbations in immune
cell or cytokine concentrations. Together, these requirements define the homeostatic parameter set
used throughout the model and ensure that baseline immune behavior is both biologically plausible
and dynamically stable prior to infection.

The resulting homeostatic expressions (denoted by X∗i ) for immune cell populations, cytokines, and
receptor-bound species are given below.

MΦI(0) = M∗ΦI =

 pMΦI ,GG
∗hM,MΦ
B M∗

G
∗hM,MΦ
B +ϵ

hM,MΦ
G,MΦ

+
pMΦI ,LL∗BM∗

L∗B+ϵL,MΦ

(
1 − M∗

ΦR
M∗
Φmax

)
λΦ
ϵV,MΦ
+ dMΦI

, (A.22)

FB(0) = F∗B =
kBF T ∗AF F∗U

kintF + kBF F∗U + kUF

, (A.23)

CB(0) = C∗B =
kBCC∗WC

U ACN∗

kintC + kBCC∗WC
U + kUC

, (A.24)

CBF(0) = C∗BF =
C∗B

ACN∗
, (A.25)

LB(0) = L∗B =
kBL (T ∗ + N∗ + M∗) ALL∗U

kintL + kBL L∗U + kUL

, (A.26)

GB(0) = G∗B =
kBG M∗AGG∗U

kintG + kBGG∗U + kUG

, (A.27)
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γB(0) =
kBγAγγU,0(MΦI,0 + T0)
kBγγU,0 + kintγ + kUγ

, (A.28)

αB(0) = α∗B = kBα(T
∗
prod + K(0) + M∗prod)Aα

α∗U
(kintα + kBαα

∗
U + kUα

)
, (A.29)

ηC,M =
pC,M M∗ − M∗(klinCC∗U + kBC (N∗AC −C∗B)C∗

WC

U − kUCC∗B)

klinCC∗U + kBC (N∗AC −C∗B)C∗WC
U − kUCC∗B

, (A.30)

pL,MΦ =
M∗
ΦI + ηL,MΦ

M∗
ΦI

(
−

pL,M M∗

M∗ + ηL,M
+ klinL L∗U + kBL

(
(N∗ + T ∗ + M∗)AL − L∗B

)
L∗U − kUL L∗B

)
, (A.31)

pG,MΦI =
klinGG∗U + kBG (M∗AG −G∗B)G∗U − kUGG∗B

M∗
ΦI

M∗
ΦI+ηG,MΦ

+ M∗
M∗+ηG,M

, (A.32)

pM,G =
G∗hM

B + ϵhM
G,M

G∗hM
B

 pMΦ,GG
∗hM,MΦ
B M∗

G
∗hM,MΦ
B + ϵG,MΦ

+
pMΦI ,LL∗BM∗

L∗B + ϵL,MΦ
+ dM M∗

 , (A.33)

ηF,MΦ =
pF,MΦM∗

ΦI +
(

pF,M M∗

M∗+ηF,M
− klinF F∗U − kBF (T ∗AF − F∗B)F∗U + kUF F∗B

)
M∗
ΦI

−
pF,M M∗

M∗+ηF,M
+ klinF F∗U + kBF (T ∗AF − F∗B)F∗U − kUF F∗B

, (A.34)

T ∗prod = dT T ∗ −
pT,LL∗BT ∗

L∗B + ϵL,T
−

pT,F F∗BT ∗

F∗B + ϵF,T
, (A.35)

pN,L = N∗prod =

(
dN N∗ −

pN,LL∗B
L∗B + ϵL,N

)
1

NR
, (A.36)

pN,L = N∗prod =
dN N∗

NR +
L∗B

L∗B+ϵL,N

, (A.37)

M∗prod =

1
MR

 pMΦI ,GG
∗hM,MΦ
B M∗

G
∗hM,MΦ
B +ϵ

hM,MΦ
G,MΦ

+
pMΦI,L L∗BM∗

L∗B+ϵL,M
+ dM M∗

 − ψmax
M

G∗hM
B

G∗hM
B +ϵ

hM
G,M

1 − G∗hM
B

G∗hM
B +ϵ

hM
G,M

, (A.38)

K∗prod =

(
pKK0 −

pK,ααB,0K0

αB,0 + ϵα,K

)
1

KR
, (A.39)

ηL,MΦ =
M∗
ΦI
− 1

pL,MΦ

(
−

pL,M M∗

M∗+ηL,M
+ klinL L∗U + kBL((N∗ + T ∗ + M∗)AL − L∗B)L∗U − kUL L∗B

)
M∗
ΦI

1
pL,MΦ

(
−

pL,M M∗

M∗+ηL,M
+ klinL L∗U + kBL((N∗ + T ∗ + M∗)AL − L∗B)L∗U − kUL L∗B

) . (A.40)

Additional model results

Additional model results for comparing mild and severe COVID-19 dynamics, which are not
included in Figure 2, are provided in Figure A.4. Also, the complete heatmap from local sensitivity
analysis (in addition to top 23 sensitive parameters shown in Figure 3) is attached.
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Figure A.4. Model predictions for mild vs. severe COVID-19 dynamics (for all other
variables). Mild disease (solid lines) dynamics obtained by solving Eqs (2.1)–(2.23) with
baseline parameters summarized in Tables A.3–A.12. The graphs depict the predicted
concentrations of resident macrophages and all bound cytokines over the course of a 30-
day infection, and those for all other model variables can be found in Figure 2.
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