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Abstract

Positive-sense RNA viruses that constitute a large class of human pathogens employ
various strategies to suppress and evade host immune defenses. Understanding the
dynamic interaction between the viral life cycle and immune signaling is crucial to
designing effective antiviral strategies. Although significant progress has been made,
quantitative models that can accurately capture the intricate interactions and the
intertwined dynamics during viral infection of cells remain missing. In this study, we
develop a comprehensive mathematical model that integrates the intracellular viral life
cycle with key cellular innate immune pathways, including RIG-I-mediated detection
and JAK-STAT signaling. The model provides mechanistic insights into long-standing
observations, capturing both virus-specific dynamics and innate immune response,
and the key components driving their coupled dynamics. For example, a comparison
of viruses shows how the Japanese Encephalitis virus undergoes a dramatic reduc-
tion in viral load in cells, due to its rapid replication that robustly activates the RIG-I
pathway, in contrast to the poor immune control of Hepatitis C virus. More impor-
tantly, our model demonstrates how virus-host interactions exhibit a sharp transition
boundary behavior, where minor differences in immune strength or viral suppression
capacity can determine whether infections resolve or persist. We propose that ISG
mRNA translation and viral replication predominantly dictate these bimodal infection
outcomes. Additionally, the model not only recapitulates IFN desensitization but also
identifies the molecular players involved. We demonstrate how our model’s ability to
capture IFN dynamics allows us to predict optimal timing and dosing strategies for
interferon-based prophylactic therapies. Together, our approach reveals fundamental
features that govern the delicate balance between the establishment of infection and
immune control in RNA virus infections.
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Author summary

Viruses responsible for diseases like hepatitis and dengue rapidly proliferate by
invading host cells, which in turn activate immune responses to counteract the
infection. Viruses have also developed a variety of mechanisms to interfere with
this immune response, thereby complicating the process of effectively treating in-
fections. Here, we simulate the comprehensive sequence of molecular-level ac-
tions and the corresponding counteractions that occur between the virus and the
host cell components as the infection proceeds. We find that the battle between
the virus and the immune system behaves like a seesaw, and small changes can
dramatically tip the balance. Sometimes, a tiny boost to our immune response or
a small weakness in the virus can mean the difference between cells succumb-
ing to infection or recovering completely. Similarly, it is now possible to recog-
nize why specific viruses are more effectively controlled by the immune system
compared to others. We can now explain the decline in the immune response to
interferon therapy with prolonged use and suggest the optimal timing and dosing
for such treatments. For example, we found that interferon treatment adminis-
tered before infection, even in small doses, can block the virus more effectively
than treatment after infection begins. In addition, we propose better ways to
inhibit the virus by effectively combining complementary approaches, such as
blocking its replication or its ability to hide from the immune system, which can
boost the effectiveness of interferon treatment. This work provides a roadmap
for developing quantitative and efficient antiviral approaches by understanding
the precise biological mechanisms that determine how hosts can overcome virus
infection.

Introduction

Positive-sense RNA viruses infect hundreds of millions of people annually, leading to
widespread morbidity and mortality, and constitute a significant global health burden.
Since 2019, COVID-19 has been responsible for ~700 million cases and 7 million
deaths [1]. Similarly, dengue virus accounted for ~6.5 million cases and ~7,000
deaths in 2023 [2], while Hepatitis C virus continues to cause over 1 million new
infections and ~242,000 deaths each year [3]. This immense global impact stems
from a lack of potent antiviral therapies and poor efficacy of vaccines. Positive-sense
RNA ((+)RNA) viruses leverage their ability to hijack host cells, where they manip-
ulate cellular machinery to propagate and evade immune defenses, driving a com-
plex interplay between the virus and the host cell that underpins their pathogenicity.
Although experimental approaches have identified many key host and viral molecules
and their roles in defining the extent of infection in cells, our understanding of how
viruses can overcome host cell immune responses remains limited and fragmented.
Developing a deep and quantitative understanding of this cellular-level host-virus
dynamics could be key to crafting effective antiviral strategies in the future.
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The (+)RNA viral life cycle within the immune cell encompasses several coordinated, interconnected, and counteracting
steps. Virus growth proceeds through cell receptor-mediated entry, host cell-assisted viral RNA translation, compartmen-
talized replication, coordinated assembly, and processing and release of new virions [4—6]. The intricate interplay between
viral and host molecular processes is central to the outcome of infection. For instance, viral RNA translation by host cell
ribosomes generates structural proteins for viral assembly and non-structural proteins that drive replication and manip-
ulate host cellular processes to create a conducive environment for viral growth. Viral replication synthesizes new viral
genomes through a double-stranded RNA (dsRNA) intermediate, which is essential for the further translation and assem-
bly of new virions [4,5,7]. Beyond its role as a replication intermediate, viral dsRNA acts as a potent pathogen-associated
molecular pattern (PAMP) that alerts the host to infection once exposed to the cytoplasm. The resulting innate immune
response—mediated largely by type | interferon (IFN) and NF B signaling —constitutes a rapid, ubiquitous defense
mechanism capable of restricting a diverse range of viral families. For RNA viruses, this process is initiated when RIG-I
detects dsRNA and activates the mitochondrial adaptor MAVS [8—11]. MAVS serves as a signaling hub for the kinases
TBK1 and IKKs (IKKa, 3,7, €), which trigger the nuclear translocation of IRF3/7 and NFxB. This transcriptional cascade
ultimately induces type | IFNs and a robust antiviral program designed to limit the spread of the pathogen [8,9,12].

As the virus assembles and releases new virions, the host immune system mounts a broader antiviral response via
cytokines like IFNs [8,10,11]. Secreted IFNs engage their cognate receptor, IFNAR, on the surface of both the producing
cell and adjacent cells, thereby triggering activation of the JAK—STAT signaling pathway. Activated STAT1 and STAT2,
together with IRF9, form the ISGF3 complex, which translocates to the nucleus to drive the expression of hundreds of
interferon-stimulated genes (ISGs). These ISGs encode a diverse set of antiviral proteins that inhibit various stages of the
viral life cycle, including entry, translation, replication, and assembly [9,12]. Given their crucial role in immune signaling,
interferons are also employed therapeutically to enhance immune responses. However, sustained or repeated exposure
to IFN can result in diminished cellular sensitivity (IFN desensitization), and its clinical application is further limited by the
well-established, dose-dependent toxicity linked to IFN therapy [13,14]. The diminished efficacy of IFN’s antiviral function
is largely attributed to negative regulators acting at the IFN receptor level [9,15].

The complex interactions between viral mechanisms and host immune defenses result in dynamic and often unpre-
dictable infection outcomes. The reciprocal actions between the virus and immune host cells establish intricate feedback
loops, producing duality in the infection trajectories. For instance, ISGs such as Mx (myxovirus resistance) and IFITM
proteins inhibit viral entry, while ISG20, 2’,5’-oligoadenylate synthetase (OAS)-regulated ribonuclease L (RNasel), IFIT1,
and viperin facilitate RNA degradation, inhibit translation, and disrupt egress steps [9,12]. On the other hand, (+)RNA
viruses have also evolved multiple immune evasion strategies to counteract host defenses. These include direct cleavage
or degradation of key signaling proteins such as MAVS, TBK1, or STATs by viral proteases, interference with PRR activa-
tion or localization, inhibition of ISGF3 formation, and modulation of host gene expression to limit ISG output [11,16-18].
In addition, minor alterations in the cellular environments or virus—host interactions can influence the balance between
viral proliferation and host immune responses. A similar trade-off between the host and the virus has been suggested to
explain the markedly different clinical outcomes observed in individuals with minor variations in their immune responses
to the same virus [19,20]. Therefore, understanding the molecular-level dynamical interactions that shape infections is
essential [21,22]. Leveraging the knowledge of critical stages in feedback networks that define host-virus interactions can
help us devise therapeutic interventions with improved efficacy.

Given the complexity of these networks, mathematical models trying to capture the underlying behavior have focused
on specific aspects of host-virus interactions with varying levels of detail. Several of these models on the viral life cycle
[23-27] and the immune signaling pathways [15,28-30] reproduce experimental observations and recapitulate the
dynamics of viral and cellular processes accurately. For example, Dahari et al. [24] predicted replicase binding bias for
the double-stranded RNA intermediate for the HCV life cycle, whereas more recent virus life cycle models [23,25,26]
have identified bottlenecks that can be exploited for antiviral treatments. Similarly, mathematical models of innate
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immune signaling have elucidated key features of the JAK-STAT and RIG-I pathways that modulate IFN responses and
demonstrate signatures of IFN desensitisation [15,28,29]. However, most current models often isolate the viral life cycle
or immune response, and the development of models that capture the dynamic interplay of host and viral factors in
immune-competent cells has been challenging. While there is growing interest in understanding the viral dynamics within
the context of innate immune signaling, most studies employ a simplified and coarse-grained approach [31-38]. Alter-
native systems biology approaches rely on protein—protein interaction (PPI) networks to reconstruct molecular interac-
tions and gene regulatory circuits. By mapping the regulatory interactions, signaling PRRs, downstream effectors, and
interferon-stimulated genes (ISGs), key regulatory hubs and the broad architecture of innate immune signaling during viral
infection have been elucidated [39—41]. However, these approaches often treat viral life cycle or innate immune signaling
as a static or external parameter, rather than dynamically interacting and co-evolving processes. Consequently, the dis-
ruptive action of viral factors on specific immune nodes, such as cleavage of PRR or their adaptor proteins [16,18] or ISG
degradation [42], is underestimated.

In this study, we present a mechanistic model that integrates detailed mathematical representations of the (+)RNA
viral life cycle and host innate immune signaling pathways, along with their dynamic coupling via specific molecular-level
interactions. Here, we build on our previous generalized (+)RNA virus model that can accurately recapitulate the dynamics
across different (+)RNA virus families [26]. We incorporate a comprehensive immune response network, which includes
the key components of the RIG-I/IFN axis [43], enabling us to include the inductor and effector functions of the immune
network explicitly. We show that cells respond to IFN in a dose-dependent manner and undergo desensitization under
excessive exposure driven by the TYK and IFN receptors. Notably, viral life cycle dynamics are attenuated by the innate
immune response, and virus counteractions on the host cell can negate this control. Similarly, distinguishing character-
istics of the virus life cycle can determine the impact of the immune response in controlling virus growth. Clustering host
factors based on their temporal expression suggests a stage-wise progression of infection through cell-state intermedi-
ates. Our integrated model also demonstrates a clear dichotomy in infection outcomes, a phenomenon that we hypoth-
esize could be an underlying cause of cellular heterogeneity in viral infections [32,44—48]. Counteracting effects defined
by the efficiency of virus-induced immune suppression and the strength of antiviral activity of the innate immune system
determine this ‘all-or-none’ infection behavior. We identify that the kinetics of viral replication and translation, along with
the expression of ISG, are key modulators of the transition between these two completely opposite infection states. Build-
ing on our understanding of the IFN dynamics, we propose the prophylactic potential of IFN in suppressing infection and
demonstrate how co-targeting viral replication or immune suppression mechanisms can enhance its efficacy. Overall, this
work underscores how quantitative systems-level modeling can assist in dissecting virus—host dynamics and offer predic-
tive insights for antiviral strategy.

Results
A cellular model of virus-host innate immune interactions

We present a comprehensive mathematical model that provides an integrated framework for studying virus-innate immune
interactions at the single-cell level. Building on two foundational models that individually describe the viral dynamics

and immune response, [26,43] respectively, our model describes the combined dynamics of the virus and host immune
response in an infected immune cell (Fig 1A). Previously, we had developed a detailed mathematical representation of (+)
RNA virus life cycle that describes the intracellular dynamics of (+)RNA viral constituents, including the effects of vesicular
compartment formation, viral mutations, and host cell variability [26]. Although this original viral dynamics model provided
a quantitative framework for examining viral replication and growth, it lacked the cellular innate immune response. To
address this, we have now incorporated the major immune cascade dynamics (inspired from Burkart et al. [43]), which
models the RIG-I mediated detection of viral dsRNA and downstream signaling, and the JAK-STAT pathways. Our model,
consisting of 77 equations, captures the essential nonlinear interactions between viral replication and innate immune
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Fig 1. Integrated mathematical model of the viral life cycle with innate immune pathways. A Schematic representation of the intracellular model
coupling the (+)RNA virus life cycle with host innate immune signaling. Viral infection begins with the extracellular virions (V,) binding and entering the
host cell, followed by uncoating and release of the viral RNA. This RNA undergoes translation to produce structural (Ps) and non-structural proteins
(Pns), and replication via a double-stranded RNA intermediate (RCc¢y), often sequestered within membrane compartments to evade immune detection.
Leakage of replication intermediates into the cytoplasm can trigger recognition by pattern recognition receptors like RIG-I, activating the MAVS and
downstream transcription factors such as IRF3/7 and NF xB. This results in the production and extracellular release of type | interferons. Extracellular
IFN-I binds to its receptor, activating the JAK-STAT signaling cascade via STAT phosphorylation, which induces the transcription of interferon-stimulated
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genes (ISGs). ISGs can either suppress the viral life cycle (ISGav, strength given by Iy y; green repression T-shaped arrows) or auto-regulate the innate
immune pathway (/ISGn, strength parameterized by /;y; blue repression T-shaped arrows). Viral antagonism, particularly via non-structural proteins,

can suppress the activity of antiviral ISGs (suppression strength given by V, n; red repression T-shaped arrows). Created in BioRender. K, R. (2026)
https://BioRender.com/9v006fh B Viral (left) and ISG (right) dynamics under the influence of various virus-immune interactions, normalized to 96 h-point
levels without virus-immune interactions (S: vy = Iin = Vin = 0, blue). The red line depicts dynamics under the action of viral antagonism and immune
suppression along with negative auto-regulation (Syy: Ivny = iy = Vin = 1). Dynamics with immune activation with antiviral response alone (Sj;: Iyn = 1,
Iin = Vin =0, magenta) and host immune activation with negative autoregulation but no virus mediated immune suppression (Sj:

Ivn=1ln=1and V,y =0, black) is shown for comparison. C Comparison of fold reduction in total viral load (Vr) between the S, case and various
viruses with the entire virus-immune interaction network (S;y) is shown; HCV (black bar), JEV (white bar), and a few hypothetical viruses (grey bars). All
the model parameter values of the hypothetical virus, Cy, are based on HCV, except for 6, which is representative of JEV. # virus variants were limited to
Ne.v, kiv, ka v, 7 and kg v since HCV and JEV primarily differ in these parameters.

https://doi.org/10.1371/journal.pcbi.1014395.9001

signaling while remaining computationally tractable. To achieve this, we introduce a set of strategic simplifications that
retain the principal regulatory motifs without attempting to reconstruct the full biochemical intricacy of the system. To main-
tain model tractability, we consolidated upstream sensing of RNA viruses into a unified dssSRNA-RIG-I module, modeling
immune detection exclusively through this primary cytosolic axis [49,50]. Negative regulation was similarly abstracted into
a uniform feedback term. While omitting cell-type-specific modulators, these simplifications preserve the essential feedfor-
ward activation and delayed negative regulation inherent to innate immune signaling, enabling a precise characterization
of the kinetic interplay between viral replication and RIG-I-mediated induction.

The integration of viral and immune dynamics was achieved by identifying the mechanisms that links them - (a) through
viral dsRNA detection that facilitates RIG-I activation of the innate immune cascade, and (b) by detailing the reciprocal
interactions between immune response effectors and the viral elements (Fig 1A). During infection, viral double-stranded
RNA (dsRNA, the replication intermediate) accumulates in the cytoplasm as it leaks from the replication compartments
[17,51,52] (equation 4). This cytoplasmic dsRNA becomes accessible to RIG-I, enabling its detection and subsequent
activation of the innate immune response. In parallel, ISGs mount a robust and multifaceted defense by targeting viral
entry, replication, translation, assembly, and release [9,12,53]. To account for these immune responses, we employ a Hill-
function-based repression model to represent the ISG-mediated inhibition of these viral processes (Fig 1A, equations 1, 2,
3, 4; also S1 Text equations- S3, S4, S5, S6, S7, S9, S10, and S11). Apart from the effect of innate immune response on
viral dynamics, we also account for how viral proteins actively interfere with the innate immune response by targeting key
components of the signaling pathways. To model this interference, we introduce viral protein-mediated repression of signal
propagation via MAVS, IKKe-TBK1, and the STAT1/STAT2 receptor complexes [54-56] (Fig 1A, S1 Text equations- S14,
S21, S23, S44, and S46). Finally, we incorporate the regulation of IRF7 (equations 5 and 6), a master transcriptional regu-
lator of type | interferons (esp. IFN«) previously overlooked in earlier models. IRF7 plays a critical role in amplifying IFN«
responses through a positive feedback loop mediated by JAK-STAT signaling, where initial IFNS production (mediated by
IRF3) induces IRF7 expression (details provided in Methods). To precisely capture the dynamics of the cellular immune
response, innate immune parameters are adapted from prior studies that estimate them using experiments with synthetic
5'ppp-dsRNA or IFN to stimulate cells [15,43]. Virus-specific parameters for HCV and JEV are obtained from our earlier
work that reconciles experimental data of viral protein and RNA dynamics with viral life cycle dynamics [26].

To investigate the broad impact of the bidirectional virus-host interactions on infection progression, we first employ an
aggregated parameter approach to examine the viral-immune dynamics in our comprehensive integrated model. For this
purpose, we introduced two lumped tuning parameters: Iy y, representing the strength of immune-mediated suppression
of the viral processes (equations 1, 2, 3, 4; also S1 Text equations- S3, S4, S5, S6, S7, S9, S10, and S11; see Methods),
and V, y, capturing the extent of viral protein-mediated suppression of the immune response (S1 Text equations- S14,
S21, S23, S44, and S46; see Methods). Additionally, /; y serves as a tuning parameter to modulate the negative feed-
back effect of anti-inflammatory ISGs on the JAK-STAT pathway (S1 Text equations- S37, S39, S41, S42, S43, and S44;
see Methods). At the molecular level, these interactions influence different processes such as immune sensor activation,
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signaling, viral replication, and protein translation to varying extents; however, for analytical simplicity, we will assume a
uniform regulatory effect throughout for each of the immune-mediated suppression and the viral antagonism processes.
This approach ensures that the model remains interpretable while allowing us to explore the broader implications of these
interactions on the infection outcomes. We begin by defining a baseline scenario (S;) devoid of counteracting interac-
tions between the immune or viral components (/yn = Vin = Iy = 0, Fig 1B). Under this condition, the model successfully
reproduces the dynamics of Hepatitis C virus (HCV) proteins, consistent with experimental observations (S1 Fig) [25,26].
The JEV-specific parameters were likewise estimated previously in [26] against the data of Uchil and Satchidanandam
(2003) [57], and are used here without modification. In this scenario, immune pathways are gradually activated, as evi-
denced by the increase in levels of interferon-stimulated genes (ISG). Next, we consider the scenario where the antiviral
effects of the innate immune response are included (S;5: Ivn = 1,1y = Vin = 0). Here, the viral infection is substantially
disrupted, and the ensuing reduction in immune activation reflects a resolution phase driven by the absence of sustained
viral stimulus. In the subsequent scenario, we incorporate the negative self-regulation of the innate immune pathway
(Sw: lvn =Iin=1; V;n = 0). This results in a dampened immune response, leading to a less pronounced reduction in
viral load compared to S;;. Finally, we examine the complete system by including the virus-mediated suppression of the
innate immune pathways with the combined action of the immune pathways (Syy: Ivn =iy = Vin = 1). In this scenario,
the immune response is further suppressed, as indicated by a significant reduction in ISG levels. In fact, 96 h-point ISG
expression in Sy, is approximately five orders of magnitude lower than in the baseline scenario (S,), suggesting strong
repression of the immune response due to virus interference. However, there is only a modest change in the level of virus
growth across the two scenarios (Fig 1B). Notably, compared to S;,, the complete system S, exhibits a substantially
higher viral load alongside a marked further suppression of ISG levels, underscoring the dominant role of virus-mediated
immune antagonism in tipping the balance from viral clearance toward persistent infection. To further assess the robust-
ness of the model, we examined how the qualitative dynamics of viral titre change across a range of multiplicities of infec-
tion MOI=1.2 and MOI=4.9 (S2 Fig). Across both conditions, the four scenarios (S,, Sja, Sp, S)v) reproduce qualitatively
similar ordering and trends in normalized viral titre trajectories, confirming that the interplay between viral replication and
immune suppression is robust to the choice of initial inoculum.

By adjusting the model parameter values (S3 Table) to reflect the dynamics of Japanese Encephalitis Virus (JEV) [26],
the system predicts kinetics that are qualitatively similar to those observed for HCV (S3 Fig). However, virus-specific
differences emerge when comparing the values at the end of the simulation window across different scenarios and in the
temporal dynamics of the immune response, particularly ISG induction, where Sy, displays distinct kinetics between HCV
and JEV, with JEV showing a more rapid rise and sustained high ISG levels, in contrast to the attenuated ISG response
observed in HCV. The immune-mediated suppression of viral infection, as indicated by the 96 h-point viral load ratio
SISy, is markedly higher for JEV (2350) compared to HCV (=30), highlighting a stronger suppression effect on JEV
than HCV (Fig 1C). We hypothesize that this disparity arises from key differences in the viral life cycle parameters of JEV.
Notably, JEV exhibits a faster viral translation rate (higher k) and larger number of replication complexes (higher N¢ )
compared to HCV. These factors drive a more rapid and substantial accumulation of replication intermediates, which in
turn facilitates earlier and stronger activation of the immune response. Consequently, when the antiviral effects of the
immune response are incorporated (S)y), the reduction in viral load is significantly greater for JEV than for HCV. This
highlights the critical role of viral replication dynamics in shaping the interplay between viral persistence and immune
suppression.

To validate this hypothesis, we constructed a panel of hypothetical viral strains, each retaining the characteristics of
HCV except for a single substituted feature that is derived from JEV (Fig 1C). For example, the parameter 7, param-
eterizing the timescale of replication-compartment formation, is 2-fold smaller in JEV than in HCV. Reducing 7 to the
JEV-like value in HCV yields a chimeric virus with faster compartment formation and earlier exposure of cytoplasmic
dsRNA. In scenario (Syy), the chimeric strain Cy,,, incorporating JEV-like carrying capacity (Nc,v), exhibits the strongest
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suppression of viral load relative to the baseline scenario (Sy,), with reductions =150-fold and closely recapitulating JEV-
like behavior. The strain Cy,,, incorporating a JEV-like translation rate (k; ), also shows enhanced suppression, albeit

to a lesser extent, indicating a secondary contribution of translation dynamics to immune-mediated control. In contrast,
chimeras modifying other parameters, including the replication-compartment formation timescale (C, ), compartmentalized
replication intermediates formation rate (Cy_, ), and rate of egress (Cy,, ), exhibit comparatively modest changes in viral
suppression and largely retain HCV-like behavior, with reductions typically =30-fold. Together, these results indicate that
increasing the number of replication complexes is the dominant factor driving enhanced immune-mediated suppression,
with faster viral translation providing an additional, but secondary, contribution. Mechanistically, this likely reflects more
rapid accumulation of viral products, leading to earlier immune activation and more effective antiviral responses, consis-
tent with observations in other systems [58].

Reciprocal negative feedback between viral and immune processes shapes the viral-immune transition boundary

Experimental studies have demonstrated that early and robust innate immune responses, particularly those mediated

by interferon-stimulated genes (ISGs), are essential for limiting viral replication and achieving viral clearance [59,60]. In
contrast, delayed or dysregulated immune responses, often resulting from viral immune evasion strategies, can lead to
immune escape and prolonged infection [61-64]. We argue that infection outcomes are governed by the dynamic titration
of viral antagonism against host immune strength, both of which fluctuate along a biological continuum shaped by viral
load, replication kinetics, and host-specific cellular or genetic contexts [65—68]. For example, different viral strains can dif-
fer in their ability to produce immune antagonists or stimulate ISG expression, while host immune activity is modulated by
polymorphisms in interferon signaling components, ISG expression profiles, and metabolic or stress conditions. Motivated
by these biological complexities, we investigated whether our virus-immune model is capable of capturing the dichotomy
in infection outcomes and identifying the key cellular and viral features that govern the balance between viral clearance
and immune escape.

The strength of viral antagonism (V; y) determines distinct immune response dynamics. At low V, y values, ISG levels
remain high and the viral loads remain low, indicating robust immune activation and effective viral clearance. However, as
Vi n increases, ISG levels are progressively suppressed, particularly at higher viral loads, reflecting the dominance of viral
antagonism and the transition to immune escape (Fig 2A). For HCV, the infection outcome switches from a ‘virus-low, ISG-
high’ state to a ‘virus-high, ISG-low’ state (Fig 2A) as V,y surpasses 0.58, suggesting that HCV can overcome immune
control above this critical level. Further, a threshold viral load is evident below which ISG levels remain low, regardless of
Vi n, suggesting that such low viral loads are insufficient to trigger strong immune activation.

We can now evaluate how virus infection is established as a function of the strength of the two key regulatory inter-
actions in our model: the immune-mediated viral suppression (by varying /v ) and the viral antagonism of the immune
response (by varying V). To delineate the transition between immune control and viral escape, we systematically varied
the lumped parameters, Iy and V, y while maintaining the reciprocal parameter at a fixed value. By evaluating the total
viral output (V7), at the end of the simulation window, we identified the critical thresholds, /},, and V;,,, which represent
the system’s points of maximal sensitivity. Specifically, these thresholds were defined by the peak of the first-
order numerical derivative of log,o(V7). For instance, [}, was determined by locating the sharpest transition in viral titre
as a function of immune activity, while an analogous procedure was employed to derive Vj, from the maximal slope of
the viral output curve with respect to viral antagonism. Mapping V7 across the Iy y and V;y parameter space reveals a
transition boundary separating bimodal outcomes: (a) a low-virus regime, where high Iy and low V,y result in effective
immune clearance, and (b) a high-virus regime, where low /Iy and high V,y leads to immune escape (Fig 2B). The locus
of critical points (1}, y, Vjy) defines the Viral-immune Transition Boundary (VITB) that captures the tipping point between
innate immune control and virus immune escape and crossing precipitates a rapid switch between virus-low/ISG-high and
virus-high/ISG-low states. Near this boundary, the infection outcome is characterized by extreme sensitivity, where minor
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Fig 2. Virus-immune transition boundary and sensitivity analysis reveal critical regimes in infection. A The phase plot of viral load and antiviral
ISG levels during hepatitis C virus infection is shown for various strengths of viral antagonism (V). Each curve shows the trajectory of the system in
the (V7, ISG) state space, with arrows indicating the direction of time from the initial state at 0 h.p.i to the state reached by 96 h.p.i (circles). The system
shifts from a ‘virus-high, ISG-low’ state (pink region) to a ‘virus-low, ISG-high’ state (grey region) as V, y increases, with the clear transition at V;y = Vj
= 0.58 represented by the dashed line. B The viral load (Vr at 96 h.p.i) HCV is shown as a function of V;y and /y. C Correlation coefficients between
viral load (V7) and individual parameters near the VITB boundary show how a parameter influences the viral load at the end of the simulation window,
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thus identifying antiviral and proviral parameters. D Parameter sensitivity indices for Iy, and Vj, evaluated at the infection threshold point: (1} v, Viy) =
(1, 0.58) are negatively correlated. Colored dots denote model parameters with threshold sensitivity score>1 (see Methods). E The VITB boundary for
HCV infection systems is shown for different values of k;;secrna (left) and kv (right). The solid line, dashed line, and the solid line with square symbols
show the VITB boundary when the parameter is unperturbed, reduced by half, and doubled, respectively. F Fold change in the HCV viral load at 96
h-point when the corresponding parameter values were (top panel) halved (magenta-k; ;scrna, green-k; v, or (bottom panel) doubled (black-1,serna.
blue-k;y, and orange-k; ) along the VITB boundary.

https://doi.org/10.1371/journal.pcbi.1014395.g002

variations in the virus-host balance fundamentally dictate whether an infection resolves or persists. There is a marked
positive correlation between the critical values of [}, , (immune activity) and Vj, (viral antagonism), indicating a balanc-
ing interaction: as viral antagonism intensifies, enhanced immune activity is necessary to counteract it. Overall, the VITB
boundary emphasizes the nonlinear dynamics of the virus-immune system, where robust immune activation (high ISG lev-
els) can suppress viral replication, but strong viral antagonism can overwhelm the immune response, leading to persistent
infection.

An analogous trend is detected for JEV (S5 Fig). However, with the same level of innate immune activity (lyn = 1), JEV
requires a lower level of antagonism to evade immune control (Vj, = 0.16) compared to HCV (V}, = 0.58). This is con-
sistent with JEV being more strongly suppressed by the innate immune response than HCV in the absence of antagonism
(Fig 1C), once we note that V, y sets a per-protein efficacy while the net antagonistic burden scales with total antagonist
abundance. JEV’s higher translation rate (k; ) — identified above as a primary driver of its enhanced dsRNA-mediated
immune activation — also accelerates accumulation of viral antagonists, so a smaller V;, suffices for immune evasion.
HCV’s slower protein synthesis [26] correspondingly demands higher per-protein efficacy to reach a comparable burden.

Our initial approach involved broad perturbations across multiple interactions (varying Iy y and V, y) rather than specific
molecular-level processes. However, such simultaneous perturbations are unlikely to occur in natural systems. A more
plausible scenario is that the fitness of the virus or the immune response is influenced by specific changes in a single or a
small subset of parameters. To explore this, we investigated whether the Virus-lmmune Boundary (VITB) emerges nat-
urally from the virus-immune interaction network under more realistic conditions, where only a limited set of parameters
change for different viral strains or cell types. Notably, similar sharp transitions between viral clearance and escape states
with distinct VITB boundaries were observed for HCV when we varied specific model parameters, such as k; v, k.v, kv
and k; ;sc rnva (S4 Fig). This sharp transition at the VITB boundary provides a unique opportunity to dissect the relative
contributions of viral and host processes to infection outcomes without the need to simulate the full system dynamics
under individual parameter variations.

By leveraging the system’s heightened sensitivity near the VITB boundary, we can identify key parameters that strongly
influence infection outcome. The analysis in Fig 2C illustrates how this approach enables the identification of critical
drivers of the infection threshold (at Vj, = 0.88, I}, = 1 for HCV). Specifically, we simulate the infection outcomes using
a set of 25,000 parameter combinations, where each parameter is sampled from a log-uniform range spanning two orders
of magnitude (0.1x to 10x the nominal value) (see S2 and S4 Tables, and Methods). This approach allows us to recover
a bimodal distribution in viral loads (S6 Fig) that highlights the pronounced dichotomy in infection states near the VITB
boundary. Approximately 60% of the parameter combinations lead to viral clearance, while 40% result in high viral load
(>1 nM). Notably, neither outcome strongly dominates the parameter ensemble, placing our model in a regime consis-
tent with the cell-to-cell variability in infection outcome reported in isogenic cell populations infected with (+)RNA viruses
proviral and antiviral factors (Fig 2C). We find that the degradation rate of viral RNA (u,v), proteins (1, v), internalized
virus (uy,) or extracellular virus particles (uy,v) is strongly correlated with reduced viral load, highlighting their obvious
role as critical parameters controlling viral growth. We also find that time constant for development of replication compart-
ments is also strongly correlated with reduced viral load. Similarly, parameters that enhance viral processes—such as viral
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translation (k;v), replication (k:y), export of viral (+)RNA from replication compartments (k. v), fusion of viral and endoso-
mal membranes (kry), or the carrying capacity of compartmentalized replication complexes (Ng,y) - are positively cor-
related with higher viral loads. On the other hand, enhancing immune detection, for example, via increasing the leakage of
compartmentalized viral dsRNA into the cytoplasm (k; ), leads to a reduction in viral load. Among the host cell properties,
potent immune signaling and activation can similarly reduce virus production. For instance, enhanced phosphorylation of
TBK1 or IKKe (Kikke-T8K1), OF increased activation rates of MAVS (kyavs) or upregulation of host protein (k; ;s rnva) Can
considerably decrease viral load. Conversely, when immune factors undergo rapid removal due to enhanced degradation
or deactivation, we observe increase in viral load suggesting diminished innate immunity. This is exemplified for the case
of ISG mRNA (s6 rva) degradation, and dephosphorylation of MAVS (bpyays), or kinases (bxinase)-

To further dissect the mechanisms governing the balance between immune and viral interplay, we performed an infec-
tion threshold sensitivity analysis to quantify how changes in crucial viral and host parameters affect the system’s tipping
point (details in Methods). A distinct inverse correlation is evident in how various parameters affect f}, \ and Vj,, under-
scoring the antagonistic nature of these two sets of interactions (Fig 2D). Interestingly, some molecular-level processes
stand out as more proviral or antiviral than the others. Among the viral processes, parameters that directly influence
protein production, such as translation rate k;y, or indirectly by boosting RNA synthesis, like replication rate k., exhibit
the strongest negative influence on Vj, (S7 Fig). For instance in the case of HCV, a+10% increase in kv, reduces the
viral antagonism (V}) required for virus escape by 9.4% (from 0.58 to 0.525) for a fixed f},, (= 1). Thus, enhanced viral
replication and translation aid in efficient immune escape. Regarding the immune response, mechanisms that enhance
ISG activity (wsc rva @nd k: isG rva, Kmavs) reduce the required strength of the immune response to control the viral prolif-
eration. Conversely, we observe that enhanced leakage of compartmentalized viral dsRNA into the cytoplasm (k; ) can
decrease [y, . For instance, at the VITB boundary, when the rate of leakage of compartmentalized dsRNA is increased by
+10%, the antiviral activity (/}, ) required for immune control is decreased by 4.5% (from 1 to 0.95) for HCV. This provides
additional evidence that elevated k; may trigger earlier and more abundant production of immune agonists (dsRNA),
which support the immune response (Fig 2C). In case of JEV, swift formation of replication compartments (small 7) result
in rapid dsRNA accumulation. This triggers a potent immune activation and requiring only mild immune response to
suppress it. Conversely, in HCV infection, slower dsRNA production postpones immune activation, necessitating stronger
immune suppression to control infection.

We next extend our infection threshold sensitivity analysis to investigate such virus-immune tipping point dependence
on various critical cellular and viral processes (identified in Fig 2D) along the entire VITB boundary. Figs 2E, S8, and S9
illustrates how a twofold increase or a 50% decrease in ISG translation efficiency or viral dsRNA leakage influences the
VITB boundary across the entire range of viral antagonism (V},) and immune activity (/y, 5) for HCV. Higher ISG RNA
translation rate (k; ;sc rva) requires lower immune activity to counteract viral antagonism (downward shift in VITB bound-
ary) and achieving viral clearance, while reducing it leads to weakening of immune control (upward shift in VITB boundary)
(Fig 2E left). We observe that a two-fold decrease in ISG translation (k; ;sc rna) leads to a 3—16 fold increase in HCV viral
load at different points on the transition boundary (Fig 2F top). Effectively, an increase in k; ;s¢ rna leads to a downward
shift of the VITB boundary in the Iy y — V;n space, indicating that change in the host ISG RNA translation rate consistently
impact the system’s behavior uniformly along the transition boundary. This trend is also observed for a two-fold higher ISG
mRNA degradation rate that results in an ~ 3—16 fold increase in viral load at different points along the VITB boundary.

Unlike host-mediated processes, perturbations in viral processes, such as replication (k. ), or translation (k; ) influ-
ence system behavior in a regime-dependent manner across the transition boundary interface (Fig 2E, right; S8 Fig). At
high levels of both viral antagonism and immune activity, increasing the rate of translation (k;y) shifts the VITB boundary
upward, requiring stronger immune activity (/y ) to counteract viral antagonism (V) y) and reduced levels of viral proteins
makes it easier for the immune system to suppress viral replication. Similar asymmetric changes in the VITB are also
observed when other virus-mediated proviral processes are impeded (S9 Fig). Such dependence of these viral processes
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even influences the viral load levels in a regime-dependent manner along the VITB boundary (Fig 2F). When virus—
immune interactions are weak (low /vy and V) ), viral load (V7) is largely insensitive to changes in kv, or kv (Fig 2F).
However, in the strongly interacting regime of the VITB boundary, small changes in the proviral factors have dispropor-
tionately large effects. For instance, along the boundary at high V, 5 (= 10), a two-fold increase in k. or k;y yields ~60-
fold and ~50-fold increases in V7, respectively (Fig 2F). Comparable trends for JEV (S8, S9, and S10 Figs) suggest this
regime-dependent sensitivity is a general feature of (+)RNA virus-host immune interactions.

These regime-dependent effects of viral parameters can be explained by two factors: (a) the dual role of viral dsRNA
as both a viral replication intermediate and an immune activator, and (b) the double-negative feedback loop between viral
antagonism (V; ) and immune suppression of viral replication (/v ). Given the dual role of viral dsSRNA, changes in viral
processes, like viral replication, translation, and replication compartmentalization, that alter its levels exert both pro-viral
and antiviral influences. These counter-influences tend to balance each other at the VITB interface. When the negative
feedback interaction strengths are high, strong mutual antagonism amplifies even minor imbalances, producing pro-
nounced shifts in infection dynamics and outcome (Fig 2E and 2F).

Dynamic phases of immune response during infection progression

Deciphering the temporal dynamics of immune responses during infection is essential for identifying key regulatory mech-
anisms, critical immune checkpoints, and potential therapeutic targets. In complex biological systems like viral infections,
immune factors and viral components interact over distinct temporal phases, each defined by specific molecular patterns.
However, due to the vast array of immune components, monitoring the dynamics of all elements is impractical in experi-
mental settings, and identifying the most informative markers poses a complex challenge. We can leverage our
virus-immune response model to address this challenge.

Here, we investigate the temporal profiles of immune components and examine their temporal correlations to pinpoint
effective indicators of cellular infection spread. To capture the immune system’s underlying dynamics, we examine its
behavior under three distinct virus-immune regimes (Figs 3A, S11, S12, and S13): (a) at the VITB boundary
(Vin = Vjy), (b) viral clearance regime (V;y = 0.5V} ), and (c) immune escape regime (V;y = 2Vj, ). Variables exhibiting
substantial change in their dynamics (coefficient of variation 20.05) were retained (see Methods), and their trajectories
across all regimes were concatenated and z-normalized, enabling a unified comparison of temporal patterns. Hierarchical
clustering of the z-normalized trajectories of immune factor dynamics across these regimes revealed eight distinct groups
of dynamically co-regulated immune factors (Fig 3A). Each cluster exhibits unique temporal patterns that can be delin-
eated into three major temporal phases of immune response during infection: an ‘early activation (EA)’ phase (0-24h), an
‘intermediate response (IR)’ phase (24—72 h), and a ‘late resolution (LR)’ phase (72-96 h)(Fig 3B).

In the ‘early activation’ phase, the newly formed viral dsRNA is detected by the RIG-I, triggering a sudden but transient
increase in the levels of the “Early responders” cluster (Fig 3A and 3B). This group is dominated by the activated forms
of antiviral signal transducers (aMAVS, plKK, pTBK1, plKKe, and pNFxB,,). Their levels reach a peak around 12—-24
hours, followed by a sharp decay. Overall, “Early responders” display similar initial transient dynamics in all three infection
regimes. However, their induction level is inversely proportional to the severity of the infection, i.e., strong activation of
the “Early responders” is associated with the viral clearance regime. Additionally, “Early responders” increase further in
the resolution phase, likely due to reinforcement of immune signaling when initial immune responses are effective. Con-
currently, the “IRF3—IFN” cluster — comprising pIRF3, IFNamRNA, and IFNAmRNA — undergoes a similarly transient
early peak followed by sharp decay. The “RIG-I Sentinel” cluster (aRIGI) is also engaged in this phase, exhibiting rapid
sigmoid-like activation within the first 24 h that reflects prompt detection of cytoplasmic dsRNA by the pattern recognition
machinery. The late-phase behaviour of both clusters is regime-dependent and is described below.

During the ‘intermediate response’ phase, as the viral replication is established and viral dsRNA increases, RIG-I
activation increases. This initiates the activation of the “IFN-ISG transcriptional hub” (Fig 3A and 3B), which encompasses
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Fig 3. Dynamics of innate immune effectors under different infection outcomes. A Clustered z-normalized dynamics of immune pathway com-
ponents under three viral-immune regimes: low V1 (V,y = 0.5Viy; top), critical V7 (Vin = Vini middle) and high Vr (Vin = 2Viy; bottom) are plotted.
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Distinct clusters are indicated by the color-coded dendrogram. B The panels show the dynamics of viral proteins (grey) and the mean temporal profiles
of the immune pathway clusters identified in A, revealing their characteristic dynamic behavior under each regime. C The x? metric, quantifying the
divergence between dynamics of immune factors across the low Vr and the high V7 regimes, is plotted (see Methods; bar edge colors reflect the cluster
assignment). The inset shows the x? metric for the early phase (0-24 h). Dots indicate factors that show high divergence in both time periods.

https://doi.org/10.1371/journal.pcbi.1014395.g003

phosphorylated STATs, IRFs, and IFN/ISG mRNAs. These immune components exhibit a progressive increase in their
levels as the infection advances, reaching their highest concentration during the ‘intermediate response’ phase. However,
the increase was substantially repressed under high V (immune escape regime), which can be attributed to the suppres-
sion of the signaling pathways by the viral proteins (Fig 1A). Conversely, when considering viral clearance characterized
by low V7, the elevation in levels during the resolution phase is significantly greater than in other regimes. This suggests
robust reinforcement of pathways and effective antiviral transcriptional activity. In this phase, activation of the “Secondary
responders”, comprising STAT-bound IFN receptor complexes (ARC, ARC-STAT2c, and ARC-STAT12c), plays a pivotal
role in directing immune responses. This group exhibits a bell-shaped dynamic, rising to a peak around 36—48 h before
gradually declining, potentially due to feedback inhibition and resource depletion. The peak was most pronounced under
the viral clearance regime, and its attenuation at high V7t is consistent with diminished upstream IFN-driven receptor
engagement due to robust viral immune suppression. Activation of this complex thus represents a pivotal relay between
IFN production in the IR phase and the transcriptional amplification that follows in late resolution.

In the ‘late resolution’ phase, the regime-dependent fates of the early-activated clusters become apparent. The “RIG-I
Sentinel” (aRIGI) declines under low virus (V7), consistent with clearance of the viral dsRNA stimulus, but remains per-
sistently elevated under high virus despite impaired downstream signaling. Similarly, the “IRF3-IFN” cluster shows a
secondary rise specifically under low infection (low V7), reflecting renewed IRF3-driven transcription as infection resolves.
Distinct from these is the “IRF7 Amplifier” (pIRF7), which emerges as the dominant factor of this phase: it remains near
baseline through most of the infection before rising steeply after 72 h exclusively under low infection (low V7), driven by
accumulated IFN-mediated induction of IRF7 and its positive feedback activation. This late amplification is entirely absent
under the immune escape regime.

NFxB dynamics during virus infection can be understood from the behaviour of the “NFxB.,” pNFxBy,, and “NFkB
—IkBa” forms (Fig 3A and 3B). Cytoplasmic NF«xB,; forms a standalone cluster and is quickly depleted due to phosphory-
lation, nuclear import, and its capture by /kBa. This rapid drop highlights its role as the input pool for downstream NFxB
signaling. As NFkB. translocates and phosphorylates into pNF«xB,,, it induces IFNs and feedback regulator /xBa. The
transient peak of “oNFkB,” is concomitant with “Early Responders” group dynamics, peaking around 12—24 hours fol-
lowed by a sharp decay. The “NFxB-IkBa” is a regulatory module that constitutes a distinct cluster exhibiting a delayed
but progressive monotone increase from approximately 24 h, consistent with its role as a feedback brake whose accumu-
lation depends on prior NFxB-driven IxBa transcription. Under high V7, this increase is attenuated, reflecting a partially
active and inefficient NFxB cycle caused by viral suppression of the MAVS—IKK signaling pathway. However, under low
viral load, the rise is more pronounced owing to enhanced signaling activity.

Taken together, our analysis reveals a hierarchical temporal cascade in the host antiviral response, wherein identified
clusters reflect functionally distinct stages of innate immune signaling and effector activation. The clusters show significant
sensitivity to viral load, with their rapid modulation highlighting crucial points where host detection and response pathways
may succeed or fail. Notably, the early divergence of the “IFN-ISG transcriptional hub” and “pIRF7” in various infection
regimes suggests these molecules can serve as early indicators of infection outcomes, even before clear phenotypic signs
appear.

We employ a x? metric to compare the difference between high and low viral load scenarios (Fig 3C, see Methods).
Phosphorylated IRF7, nascent IFN transcripts, and early ISGs are key factors in viral infection outcomes, particularly
in the initial stages of infection, indicating that the immediate-early transcriptional circuit plays a crucial role in initiating
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effective antiviral states (Fig 3C-inset). Throughout the infection period, the persistent impact of IFN levels, phosphory-
lated IRF7, highlights the critical roles of strong downstream amplification in immune regulation (Fig 3C). These findings
map the dynamics of viral antagonism directly onto distinct regulatory layers of the host response, illustrating how viral
interference at both early detection and later transcriptional amplification stages can rewire immune trajectories and shape
disease outcomes. Our model facilitates the understanding of the hierarchical and temporal structure of the antiviral
response, identifying specific molecular clusters as crucial indicators of the infection progression.

IFN Desensitization is Mediated by Receptor-Kinase Complex and TYK Dynamics

IFNs are widely used as therapeutic agents for the treatment of chronic viral infections, certain cancers, and autoimmune
diseases, due to their potent antiviral and immunomodulatory effects [71,72]. However, their clinical efficacy is often lim-
ited by the phenomenon of desensitization, where repeated or prolonged IFN exposure leads to reduced cellular respon-
siveness [73]. This behavior is thought to arise from feedback inhibition and regulatory dynamics within the JAK-STAT
signaling pathway [74—76].

Because our model incorporates key immune pathways that regulate the IFN response, it can capture the dose-
dependent desensitization effect for a naive (uninfected) cell (see Methods). A high dose of IFN (100 nM) sharply
induces ISGs responses with ISGn mRNA', an early transient negative regulator [15], and the ‘ISGav mRNA, a late
antiviral transcript [15], quickly rising to 0.75 nM and = 140 nM, respectively (Fig 4A and 4B). This activation is brief,
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with both mRNA dropping significantly and stabilizing at approximately 0.01 nM and 60 nM within 24 hours. A second
high (100 nM) IFN dose 24 hours later elicits no additional increase in ISGn or ISGav mRNA, signifying strong desen-
sitization. Conversely, administering a high subsequent IFN dose (100 nM) following an initial low dose (1 nM) results
in an increase in ISGn and ISGay, albeit it is modest compared to the substantial increase observed with a single
high-dose (100 nM) of IFN. This signifies limited IFN desensitization consistent with experimental reports of dose- and
time-dependent IFN desensitization [15,30].

Comparing these scenarios, most downstream signaling components remain similar at re-exposure, but key upstream
regulators, particularly TYK2 and the IFN receptor complex (IFNAR1/2), show marked depletion after high-dose exposure
(Fig 4C and 4D). This suggests that desensitization arises from the destabilization or inhibition of receptor-proximal com-
ponents, as reported in experimental studies [15,74-77].

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014395 June 22, 2026 16/32



N\ Computational
PLOS }. Biology

To further test this hypothesis, we simulated a two-dose IFN regimen (100 nM followed by 100 nM). We selectively
restored the RTKC, TYK, and JAK levels before the second dose. Restoring the receptor-TYK2 complex (RTKC) partially
recovered both ISGs expression, while restoring TYK2 alone had no effect (S14 Fig), indicating that negative feedback
primarily targets the RTKC. Reintroducing JAK, whose levels remained unchanged across conditions, also had no impact
on ISG expression. These results confirm that desensitization is driven by the depletion or inhibition of the receptor-kinase
complex, which serves as the key regulator of downstream IFN signaling.

Harnessing interferon and antiviral synergies to enhance viral suppression

Building on our insight about IFN-mediated immune response regulation, we examined how interferon administration can
modulate the outcome of viral infection. The timing and dosage of IFN treatment are suggested as critical factors influenc-
ing its efficacy [78—80]. Our model shows that IFN treatment markedly decreases viral load in a dose-dependent fashion
when given before or shortly after infection (Fig 5A). The timing of administration significantly impacts treatment efficacy.
Specifically, a low IFN dose (1 nM) given 1-7 days before infection yields an antiviral effect over 100 times greater than a
high dose (>10 nM) applied a few hours post-infection (Fig 5A). We observe that IFN potency declines rapidly once repli-
cation is established, with inhibition strongest during the earliest stages of infection. This is consistent with studies show-
ing that early replication and translation events represent a vulnerable bottleneck for viral control [78], that dengue virus is
sensitive to IFN only before productive replication [79], and that SARS-CoV-2 becomes largely refractory to IFN following
initial replication due to antagonism of the JAK-STAT pathway [80].

Prompted by this result, we examine the effectiveness of IFN as a prophylactic agent and its efficacy in combination
with direct-acting antivirals (Fig 5C, 5D, and S15 Fig). To standardize comparisons across infection scenarios, we quantify
antiviral efficacy by estimating the fold reduction in viral load integrated over the treatment duration (area-over-curve metric,
AOC; Fig 5B). This area-over-curve metric, normalized against no IFN exposure (referred here as nAOC, see Methods),
captures the time-of-addition-independent antiviral potency of the strategy, with higher nAOC scores indicating superior
viral suppression. As anticipated, the AOC for low-dose IFN (1 nM; =60, Fig 5B, dashed blue) was significantly lower than
that of a higher dose (3 nM; =89, Fig 5B, dashed red). Furthermore, the efficacy of 1 nM prophylactic IFN exposure was
inversely correlated with viral antagonism (V;n). Specifically, the AOC decreased from =60 at V,y = Vj (Fig 5B, dashed
blue) to =56 when antagonism was doubled (V) y = 2Vj; Fig 5B, solid blue). These trends confirm that IFN-mediated sup-
pression scales positively with dosage but is fundamentally constrained by the strength of viral immune evasion.

We next examined how direct-acting antivirals (DAAs), acting on distinct steps of the viral life cycle, influence the
prophylactic efficacy of IFN. Specifically, we focused on viral processes that emerged as key determinants of infection
threshold: the efficiency of viral antagonism of innate immune signaling, the viral replication rate, and the rate of formation
of compartmentalized replication complexes. Interferon prophylactic efficacy is significantly augmented by all three mech-
anisms: attenuating viral immune antagonism (V; y), restricting viral replication kinetics (k. ), or promoting dsRNA leakage
into the cytosol (k; ). By shifting the viral-host equilibrium toward immune-mediated control, these interventions enhance
the potency of IFN. This synergistic effect is particularly pronounced at low to intermediate IFN doses where IFN only
partially restrains the infection and viral fithess plays a dominant role in defining disease progression. Within this sensitive
regime, IFN potency is significantly augmented by modest attenuation of viral antagonism (e.g., V;y reduced to ~ 0.25x
baseline), moderate inhibition of replication kinetics (k. decreased to ~ 0.03—0.3x baseline), or accelerated dsRNA
leakage (k; v increased to ~ 3-30x baseline) substantially increase IFN effectiveness by collectively tipping the viral-host
equilibrium toward host-mediated control. To quantify the therapeutic benefit of DAA supplementation, we calculated the
fold change in nAOC across varied viral parameters (Figs 5D and S15). These process-specific interventions markedly
potentiated IFN-mediated suppression, with the most pronounced synergistic gains observed at low IFN concentrations.
Conversely, at higher dosages, IFN monotherapy proved sufficient to achieve robust viral inhibition independently, sug-
gesting a dose-dependent saturation point for the relative benefit conferred by combination therapy.
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Together, these findings underscore the crucial role of early IFN intervention in prophylactic settings, particularly when
combined with direct-acting antivirals. They further demonstrate how synergy between antiviral therapeutics and innate
immune responses can be strategically exploited to enhance antiviral activity while minimizing IFN-associated toxicity
[13,14].

Discussion

By integrating representations of the viral life cycle with innate immune signaling pathways, our approach provides a
framework to analyze the coupled dynamics of virus-host interactions. Specifically, the inclusion of the RIG-I-IFN and JAK-
STAT signaling pathways, along with dsRNA-induced immune activation and viral immune evasion mechanisms, allows
us to examine the feedback loops and molecular interactions that drive these dynamics. Our model suggests infection
threshold points that determine infection outcomes, transitioning between “virus-high, ISG-low” and “virus-low, 1SG-high”
states, governed by thresholds in viral antagonism and immune antiviral activity. These thresholds reveal an inverse
relationship between viral load and ISG levels, as observed in single-cell studies. Similar bimodal infection have been
virus-infected cells, ISG expression declined with increasing viral abundance due to antagonism of the IFN-I signaling.
While such “all-or-nothing” ISG induction has been attributed to cell-intrinsic noise previously [32], our model suggests
that both viral and host factors shape the infection outcomes. This is consistent with studies on IFN-I dynamics [31,45,48],
which link variability in viral replication, IFN-I signaling, and ampilification capacity to the all-or-nothing induction of antiviral
states.

By incorporating viral dsRNA dynamics and their role in triggering RIG-I signaling, our model demonstrates the balance
between viral replication and immune detection and emphasizes the importance of early immune activation. RIG-I-
mediated responses, as observed in JEV, are driven by the kinetics of dsRNA compartmentalization and the availability of
replication intermediates in the cytoplasm [58,81]. This is in agreement with research showing that interfering with replica-
tion compartments or viral mutants that have impaired shielding lead to increased dsRNA leakage, which boosts immune
activation and assists in viral clearance [82—84]. This increased dsRNA accessibility serves as a potent immunological
trigger that potentiates innate sensing, effectively facilitating viral clearance. Based on our analysis, we propose two strat-
egies employed by (+)RNA viruses to balance replication and immune evasion. Virulent Replicators, such as poliovirus
and JEV, produce dsRNA rapidly, triggering immune responses but countering this with immune suppression to complete
replication before clearance. On the other hand, Latent Replicators, such as HCV and dengue virus, replicate more slowly
but effectively shield dsRNA within membranous compartments, thereby evading detection and establishing chronic infec-
tions. We propose that these strategies reflect a trade-off between replication and immune evasion. Our model provides
a framework for differentiating these viral strategies and analyzing how the viral life cycle and immune evasion influence
infection outcomes.

We identified three distinct phases in the antiviral immune response: an early sensing and activation phase, an interme-
diate signaling phase, and a late resolution phase. Early responders like aMAVS, pIKK, and pTBK1 are rapidly induced by
viral RNA sensing through RIG-I, consistent with known RLR signaling mechanisms [9]. These activation markers act as
proximal hubs facilitating downstream signaling, with their timing being critical for an effective response to RNA viruses.
For instance, activated MAVS aggregates form antiviral signalosomes providing a scaffold for sustained signaling that sus-
tains prolonged IRF3/7 and NF xB activation, [85,86]. Likewise, TBK1 and IKKe phosphorylation serve as a critical early
checkpoint, connecting MAVS activation to IRF3/7 phosphorylation and the induction of interferon genes [87]. In the inter-
mediate phase, IRF and IFN-related factors drive the expression of antiviral ISGs, although this response is suppressed
under high viral loads. During the late phase, IFN signaling through JAK-STAT components becomes prominent but is
often attenuated in severe infections due to feedback inhibition or impaired upstream signaling [56,81]. These temporally
distinct phases help identify key regulators at each stage, providing a framework to prioritize therapeutic targets based
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on the timing and nature of immune engagement. For instance, we observed that phosphorylated IRF7, nascent IFN
transcripts, and early ISGs were consistently different between mild and severe infections early in the response, making
them strong predictors of infection outcomes. This is supported by experimental evidence showing that IRF7 is rapidly
phosphorylated upon viral sensing, driving the second wave of type | IFN production essential for antiviral defense. IRF7
deficiency severely impairs early IFN responses, underscoring its critical role in immune activation [88—90]. Consistent
with our model’s predictions, type | interferons, particularly interferon 5 (IFN-3), are recognized as markers of effective
immune response, where reduced peripheral IFN-3 levels during SARS-CoV-2 infection is associated with the severity of
the disease [91]. Thus, these temporally resolved immune effector modules elucidate the complexity of immune models
and identify mechanistic checkpoints at different phases.

A crucial emergent property of our integrated signaling architecture is its capacity to naturally recapitulate dose-
dependent IFN desensitization. Our model systematically identifies the receptor-TYK2 complex (RTKC) as the dominant
molecular bottleneck driving this signaling refractoriness. This identification is consistent with extensive experimental
evidence demonstrating that TYK2 is essential for type | IFN signaling and the STAT-dependent induction of negative
regulators, such as SOCS and USP18 [9,71,75-77,92—-94]. Notably, our simulations demonstrate that selectively restor-
ing the RTKC—but not downstream signaling intermediates—reinstates signaling competence, mechanistically validating
this receptor-proximal node as the primary determinant of cellular responsiveness. Prolonged or repeated IFN exposure
is known to reduce receptor availability and enhance inhibition or destabilization of receptor—kinase complexes by these
negative regulators. In agreement with these observations, our model predicts that RTKC depletion is a key determinant
of JAK-STAT signaling, providing a mechanistic explanation for IFN desensitization that emerges naturally from the mod-
eled regulatory architecture.

We also demonstrate how low-dose prophylactic administration of IFN can considerably inhibit HCV replication, sur-
passing the effectiveness of post-infection treatment regimes. This is consistent with previous studies with SARS-CoV-2
and dengue, where delayed IFN treatment was shown to be ineffective and even detrimental in humans and in vitro
experiments [78—80]. Our findings contribute to a growing body of work suggesting that the timing and dosage of immune
interventions can strongly influence disease outcomes [95,96]. Further, we demonstrate how model-informed combination
therapies, including those targeting viral processes and inherent antagonistic feedback loops, can significantly enhance
IFN prophylaxis. In fact, pairing IFN-«2a with direct-acting antivirals like nucleoside analogues (for example, remdesivir or
EIDD-2801) or agents targeting the host (such as camostat or cycloheximide) has demonstrated considerable enhance-
ment of IFN-induced antiviral effects and improved viral inhibition in both in vitro and in vivo studies [97]. Similar evidence
from human trials with intranasal prophylactic administration of IFN-« significantly reduced the incidence and severity
of rhinovirus and coronavirus infections, while inconsistent benefits were reported for post-exposure prophylaxis [98].
Thus, interventions employing IFN prophylaxis, especially in high-risk populations or during outbreaks, might be a viable
strategy.

By distilling multi-layered host-virus interactions into dominant regulatory motifs, our framework prioritizes computa-
tional tractability and analytical clarity while circumventing the parameter redundancy inherent in explicit molecular mod-
els. Nevertheless, our framework provides a robust platform for system identification, allowing researchers to translate
complex host-virus interactions into actionable insights through the generalized ‘Inverse modelling’ approach. Our aggre-
gated mathematical parameters are quantitatively recoverable from standard virological assays [26]. To parameterize
the model for any viral system, experimentalists can establish baseline replication and translation kinetics by generating
high-resolution time-course data, quantifying intracellular viral RNA (via strand-specific RT-qPCR) and viral proteins (by
quantitative Western blots or immunofluorescence). Further, the model’s lumped parameters can be mapped to mea-
surable signaling bottlenecks within that specific host-virus context. For example, the viral sensing rate (k;v) can be
constrained via dsRNA immunofluorescence, while the kinetics of host signaling activation and effector output are quanti-
fiable through IRF3/7 phosphorylation and ISG expression levels. Our framework also predicts a nonlinear Viral-Immune
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Transition Boundary (VITB) where infection fate is governed by the critical balance between host antiviral potency

(Iv,n) and viral antagonism (V; n). This identifies an experimentally testable hypothesis wherein targeted perturbations
(such as the use of viral mutants or signaling knockdowns) will predictably shift outcomes between clearance and escape,
manifesting as the bimodal infection states identified by our sensitivity analysis. Further, the predicted synergy between
low-dose prophylactic IFN and direct-acting antiviral inhibitors is testable in cell culture using a 2D dose—timing matrix, an
experimental layout that maps directly onto the simulations in Fig 5A. Each of these directions, in turn, can be sharpened
by our previously developed PARSEC algorithm — a model-based experimental design framework that identifies the most
diagnostic measurements and recovers parameters from sparse or noisy kinetic datasets, providing a formal route from
model prediction to experimental validation [99].

Phenomenological models of viral kinetics have been invaluable for fitting systemic viral load trajectories and extract-
ing effective rate constants, but their parsimony makes them unable to resolve the intracellular tipping points that emerge
within the first 12—24 hours of infection — and unable to ask, mechanistically, which molecular node is responsible. By
explicitly mapping 77 molecular nodes, our framework resolves the rapid, sequential activation of the RIG-I/IFN axis and
viral interference that simpler models necessarily average out, and identifies high-leverage bottlenecks — such as the
RTKC/TYK2 axis — that dictate the fate of infection before systemic symptoms emerge. The complementary limitation
should be stated equally plainly: because parameter identifiability scales poorly with model size, a framework of this scale
is not the right tool for precise quantitative predictions of clinical viral loads, nor for estimating parameters de novo from
sparse data — tasks for which smaller, well-identified models remain superior. The value of the present framework lies
instead in qualitative and structural predictions: which node is rate-limiting, which perturbations are synergistic, and where
the boundary between infection regimes lies as a function of mechanism. These are predictions about the topology of the
host-virus response, not about its precise quantitative magnitude, and we view them as complementary to — not com-
petitive with — three decades of productive low-dimensional modelling. Beyond these scope-level limits, the model also
reflects a number of tactical assumptions and simplifications adopted to retain tractability while preserving the essential
features of host-virus interactions. For example, our model aggregates the sensing by pattern recognition receptors
(PRRs) and assumes an averaged cellular activation. Although multiple classes of PRR (TLRs, RLRs, NLRs, CLRs)
are involved in shaping innate immune responses, it is well established that viral dsRNA is a major trigger for antiviral
responses [49,50]. Consequently, we limit ourselves to dsRNA-sensing pathways to emulate RNA virus immune detection.
To simplify the interpretation of innate immune feedback, we also demonstrate system behavior with a uniform level of
negative feedback across all signaling nodes and ignore the strength of context-dependent regulators (e.g., SOCS activity
on RTKC), which can vary by cell type and stimulus. Nevertheless, the framework remains highly sensitive to molecular-
level interactions, where individual processes exert a system-wide influence on the balance between “virus-high, ISG-
low” and “virus-low, ISG-high” states. This modularity is increasingly vital as the field’s understanding of canonical innate
immune factors evolves. For example, many effectors traditionally deemed strictly antiviral, including TRIM7, STING, and
IFITM family proteins, are now recognized to exhibit functional plasticity and context-dependent proviral roles [100,101].
While the molecular mechanisms governing such functional switching remain specific to viral families and physiological
conditions, our framework is inherently amenable to refinement as this biology is further elucidated. We also modelled
antivirals as reductions in viral parameters, though incorporating drug pharmacodynamics could improve outcome predic-
tions. Integrating the context-dependent behaviours alongside drug pharmacodynamics and spatio-temporal dynamics,
could reveal novel emergent properties such as feedback inversion or state switching, positioning our model as a robust
foundation for identifying molecular-specific antiviral strategies across diverse cellular and tissue environments.

In summary, we present a generalizable and integrative modeling framework that defines the fundamental regulatory
landscape of virus-host dynamics. The non-linear dependence of viral load on parameters like viral antagonism and
immune activation (manifesting in the Viral-limmune Transition Boundary) reveals critical points for shifting outcomes
toward viral clearance. Ultimately, our approach provides a predictive roadmap for the development of model-informed
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antiviral strategies while highlighting the importance of early immune activation, ISG dynamics, and IFN signaling in bal-
ancing viral persistence and immune control. In the future, integration of high-resolution experimental data can enable this
theoretical framework in identifying novel antiviral targets and optimizing synergistic combination therapies that exploit the
fundamental kinetic vulnerabilities of the virus-host interface.

Methods
Ethics statement

This is a computational study. No animals or humans and/or their tissue samples were used.

Models integration and extension

To create a detailed, mechanistic model of the virus—innate immune response, we integrated the detailed intracellular viral
life cycle model by Chhajer et al. [26] with the RIG-I-IFN-ISG signaling model by Burkart et al. [43]. To achieve this inte-
gration, we introduced additional variables, parameters, and equations to capture extracellular viral dynamics, the leakage
and sensing of double-stranded RNA (dsRNA), the regulation of Interferon Regulatory Factor 7 (IRF7), and multilayered
feedback mechanisms involving both viral antagonism and host regulatory pathways.

The viral life cycle model was extended to include extracellular dynamics of viral entry and internalization. Viral entry
was modeled as a first-order process governed by the rate constant k_ ,, leading to depletion of extracellular virus (V).
Internalized virus (V;) accumulates as a result and can either undergo uncoating at a rate k¢ or be degraded at a rate
w, - Upon uncoating, viral RNA is released into the cytoplasm and contributes to the cytoplasmic viral RNA pool (R, ). To
account for this, the original equation describing cytoplasmic viral RNA dynamics was modified to include an additional
term reflecting input from uncoated virus. All other terms in this equation, as well as the ODEs describing the dynamics of
structural and non-structural viral proteins (Ps, Pys), replication compartment formation (RCyorm_rate ), and replication com-
plexes within compartments (RCcy), remain identical to the original framework by Chhajer et al. [26].

A critical extension of the viral model was the explicit inclusion of dsRNA leakage from replication compartments. While
the original model did not accommodate this, cytosolic dsRNA serves as a key activator of the innate immune response
and is central to coupling viral replication with RIG-I sensing. We therefore introduced a leakage term at rate k; , following
an approach similar to Zitzmann et al. [35]. Once in the cytoplasm, dsRNA undergoes natural degradation at a rate .y,
can be replenished through the deactivation of RIG-I at a rate bgg/, and is cleared through RIG-I-mediated sensing at a
rate proportional to the product of RIG-I and dsRNA concentrations (krigi - RIGI - RNAgs). This formulation establishes the
mechanistic link between the viral life cycle and the innate immune module.

The innate immune signaling model of Burkart et al. [43] was extended by incorporating the dynamics of Interferon
Regulatory Factor 7 (IRF7). IRF7 is a transcription factor essential for the induction of type | interferon genes, particularly
in plasmacytoid dendritic cells and during late-phase antiviral responses [102]. It is also responsible for its own induction
via IFN-dependent transcription [103]. Given its high degree of homology with IRF3, we assumed IRF7 undergoes phos-
phorylation and nuclear translocation through a mechanism analogous to IRF3. Specifically, cytoplasmic IRF7 is phos-
phorylated by activated TBK1 and IKKe, translocates into the nucleus, and regulates interferon gene expression. Once in
the nucleus, phosphorylated IRF7 (pIRF7) can be dephosphorylated or exported back into the cytoplasm. Its synthesis is
driven by translation from IFN-induced mRNA, while constitutive degradation occurs with a first-order decay rate.

In addition to coupling viral and immune processes mechanistically, we introduced multilayered feedback to capture
the dynamic regulation that occurs at different levels. On the host side, interferon-stimulated genes (ISGs) target distinct
stages of the viral life cycle. For example, CH25H and IFITMs inhibit viral entry [9,12], IFIT and TRIM family proteins dis-
rupt RNA and protein synthesis [9,12], and viperin interferes with assembly and egress by disrupting viral envelope forma-
tion [9,12]. In contrast, viruses of the Flaviviridae family have evolved to counteract host defenses by antagonizing RIG-I
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signaling and JAK-STAT signaling cascades, thereby suppressing type | IFN production and signaling [54—56]. Finally,

the host itself incorporates intrinsic negative regulatory mechanisms to limit excessive immune activation. In particular,
molecules such as SOCS proteins and USP18 dampen IFN-induced signaling, ensuring resolution of the antiviral state
[15,74,75].

To quantitatively capture these interacting layers of feedback, we introduced three lumped pseudo-variables represent-
ing distinct functional modules: V, y (efficacy of viral antagonism), Iy (potency of ISG-mediated antiviral activity), and /; 5
(efficiency of host negative regulation of immune signaling). These pseudo-variables act by modulating either the intrinsic
process rates or the degradation rates of relevant molecular species.

A complete description of the model, along with equations (S1 Text-Model descriptions), detailed variable definitions,
initial conditions (S1 Table), parameter values, and sources (S2 and S4 Tables), is provided in the Supplementary Infor-
mation. Altogether, the integrated model comprises 77 ordinary differential equations and 129 parameters. No parameters
were re-estimated in the present work; all values were taken from the source models, where they had been estimated by
approximate Bayesian computation (viral life cycle, Chhajer et al. [26] and Zitzmann et al. [35]), negative log-likelihood
minimisation with multi-start initialisation (RIG-I/IFN signalling, Burkart et al. [43]; JAK-STAT signalling, Maiwald et al. [29]
and Kok et al. [15]). Direct quantitative measurements for several parameters were included when available (entry/uncoat-
ing rates, Zitzmann et al. [35]; ISG mRNA kinetics from Maier et al. [70]; IRF7 dynamics from Lopacinski et al. [38] and
Zou et al. [104]). Practical identifiability was assessed in those source studies via profile-likelihood analysis and pairwise
posterior correlation. A complete listing of parameters with values, units, sources, and the estimation method used in each
source is provided in S2 and S4 Tables. The three lumped pseudo-variables - Iy y (ISG-mediated antiviral suppression),
Vi n (viral antagonism), and /; 5 (auto negative feedback) - were incorporated as systematic tuning parameters varied
across their full biological range to explore the model’s behaviour space. The governing equations and parameter values
for each module are documented in full in the SI. Key modifications introduced during integration to mechanistically couple
the two (viral and immune) subsystems are described below.

Viral life cycle and dsRNA detection. We added the following variables and equations to the viral life cycle model
proposed by Chhajer et al. [26] to incorporate the extracellular viral dynamics of viral entry and internalization:

dVO - ken, \%

W__1+Iv,N-|SGaV'VO (1)
av, Ken, v Ky
bl : Vo — ' Vi—uy -V
dt  1+ln-1SGav 0 1+1yy-1SGav ' THVITYI @

Subsequently, the equation monitoring the levels of cytoplasmic viral RNA is changed:

d;y = ke,v - Rcm— 'I*-/\/,:w “Ps - Reyt— pry - (1 + Iy - 1ISGav) - Reyt — RCrorm _rate + m -V 3)
RNA,
d g ds _ kI,V . RCCM + bRIGI -aRIGI — Uy (1 + IV,N . ISGav) . RNAds _kRIGI -RIGI - RNAds (4)

Innate immune signaling pathway. The dynamics of Interferon Regulatory Factor 7 (IRF7) are modelled as shown
below:

dIRF7
dt

1

= k71 -Vn2c - p|RF7— IRF7 - KiRF3-IKKe-TBK1 - (pIKKe + aTBK1) . (1+V/NPNS

> + K79 - IRF7m — pyre7 - IRF7
)
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dpIRF7
dt

=|RF7 -Vc2n - kIRF3—IKKe—TBK1 . (pIKKe + aTBK1) . ( > — k71 . p|RF7

(6)

Incorporation of feedback at multiple levels by both the virus and innate immune system. Feedback was
modeled as a generic modulation of rates:

b1+ plA] 7)
and the degradation rates p; are changed as
pi = pi(1+ plA]) (8)

where k; denotes rate constants of viral entry (ken,v), fusion (kry), replication (k. ), translation (k;v), egress (ka,v), and p;
represents degradation rates of viral RNA (u,,v), and proteins (up,v), p is Ivn and [A] is levels of antiviral ISG (ISGav). For
immune signaling processes, p = V), with viral proteins (Pys) attenuating MAVS activation (k,,, ), IRF3/IRF7 activation

(kirra-ikke-T8K1), and STAT complex activation (k,,). In addition, host-driven negative feedback is incorporated by setting

p = Iy and [A]= ISGn, which downregulates activated receptor complex (ARC) formation (k).

Calculation of critical values and infection threshold sensitivity analysis

To identify the critical value of Vj, (or I}, y), we systematically vary one of V;y or Iy keeping the other fixed, and record
the extracellular viral concentration at the end of the simulation (V7). Next, we evaluate the first-order numerical derivative
of the logarithm of viral output (log,,(V7)) with respect to the variable varied and identify the point of maximum change as
the critical value. V;y and Iy were varied in the logarithmic scale to span a large dynamic range.

To evaluate how different model parameters influence the critical values of immune activity and viral antagonism, we per-
formed infection threshold Sensitivity Analysis. To evaluate the sensitivity of Vj, at the infection threshold point,
(Vm /T/jv)” we fix Iy as If/i, When we look at the ‘" model parameter, we alter the value of the parameter from its nominal
value (9,-0) to 0; and re-evaluate the critical value of viral antagonism (V}(6)). Finally, we evaluate the sensitivity index as the
ratio of the relative change in threshold value with respect to the relative change in the parameter value, using the following

equation:
AVf A&,-
swin= (572 / (3)
N ’ ©)

As sensitivity captures the slope of the threshold function with respect to the model parameter, we use a five-point central
difference formula instead of the naive single-point difference formula, to calculate the sensitivity index more accurately.
The threshold values were evaluated at 6; =[0.9,0.95, 1, 1.05, 1.1] x 0,9.

V(0.9 x 09) =8+ V5 (0.95 x 69) + 8 Vi (1.05 x 09) — Vi (1.1 x 69)
- 12 (10)

AiViy

SI(V)n) determines the influence of the ‘"’ model parameter on the critical viral antagonism required for immune escape.
Analogously, we can calculate Sli(lyy); here we fix V,y as V;‘,S and assess how changes in the model parameters affect
the immune activity threshold (/}, ) necessary for viral suppression. To identify the most important parameters that influ-
ence both the thresholds, we rank the parameters based on threshold sensitivity score, calculated as the sum of squares
of the corresponding sensitivity indices, i.e., (SL(Vin))? + (Sli(lvn))?
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Latin Hypercube Sampling and correlation with viral load

To evaluate the influence of host and viral parameters on infection outcomes, we performed Latin Hypercube Sampling
(LHS). Each model parameter p; was varied within a log-uniform range

pie01-p 10-p7], (1)

where p,(.o) denotes the original value of parameter i. A total of N=25000 parameter sets were generated, each comprising
the full parameter vector,

p? =%, p2,....p0%, j=1,...,N, (12)

To quantify the relationship between individual parameters and infection outcome, we computed the Pearson correlation
coefficient between each parameter p; and the viral load across all LHS-generated parameter sets:
Cov (p;, Vr)

Ci=————, i=1,....M,
Op; " OVr (13)

where oy, and oy 1 denote the standard deviations of parameter p; and viral load V7, respectively. The resulting
correlation coefficients C; were then ranked to identify the top 10 positively correlated and top 10 negatively correlated
parameters. These parameters were visualized in a bar plot to highlight the most influential drivers of viral load variability
(Fig 2C).

Normalized dynamics based clustering

In our analysis, we perform hierarchical clustering on normalized time-series data for each model variable under three
conditions - A: low Vr (when V,y = O.5V;jN), B: critical Vr (when V,y = V;j,\,), and C: high V7 (when Vy = 2V;jN). Variables
with zero standard deviation or with a low coefficient of variation (% < 0.05) were excluded, ensuring retention of only
dynamically informative variables. We then concatenate the dynamics of the selected variables in the three regimes and
normalize them using Z-score normalization. The mean and standard deviation used for the normalization is based on the
concatenated dynamics.

A pairwise distance matrix was computed across all retained variables, followed by hierarchical clustering based on the
average linkage criterion. The resulting dendrogram was cut to yield k=8 clusters. For each cluster, variable memberships
and their average correlation to the cluster mean trajectory were computed. Variable-wise dynamics were additionally
annotated with marker sizes inversely proportional to the distance to the centroid.

This analysis was based on our recently published model-based experiment design algorithm, PARSEC [99]. Like the
analysis here, the PARSEC groups model variables/observables, but the clustering is based on differences in parameter
sensitivity signatures instead of dynamical correlations.

Quantification of dynamic differences using a x?-like trajectory score

To quantify dynamic differences in temporal responses between conditions, we defined a log-transformed mean
squared deviation (x?-like) score for each variable. For a given variable x, the score between two conditions c,andc,
was calculated as:

01 ) = zT: [Iog 0( ) (t) + ) log, 0( c2)(t)+e>r,
o

(14)
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where xﬁf)(t) denotes the trajectory of variable k at time t under condition ¢, T is the number of time points. This measure

captures the average squared deviation between log-scaled trajectories and is mathematically equivalent to a y?-like
score. A small positive number ¢ = 1078 is added to the variables so that the resulting logarithmic value is defined and
finite.

We applied this metric in two distinct contexts. First, in the clustering analysis, it was used to compare responses
between conditions A and C (Fig 3C). Second, in the interferon (IFN) stimulation experiments, the same metric was
employed to compare trajectories between two IFN priming protocols: one in which cells received 100 nM IFN at 24 h
following a 1 nM priming dose, and another in which the same 100 nM boost followed a 100 nM priming dose (Fig 4C).

Normalized area over the curve (nAOC) calculation - estimating prophylactic efficiency of IFN pretreatment

To evaluate the prophylactic action, we simulate the effect of various dosages of IFN (as shown in Fig 5) administered k
days before the start of infection, where k € [0, 1, 2, ... 13]. We report the resulting viral load at 96 hours post-infection
(Vr(k)). In the logarithmic scale, we compute the area between this curve (log,y(V7(t))) and a horizontal line at ys, = -0.75
(a high viral load threshold reference) between k=0 to k=13 days using the trapezoidal rule. Specifically, the AOC was
calculated using:

AOC = E;SO(Yth—bgm(VT(k)) (19)

Supporting information

S1 Text. Model Description.
(PDF)

S2 Text. Evaluation of model predictions against Aunins et al. (2018) data.
(PDF)

S1 Table. Description of model variables and their initial condition values used in simulation.
(PDF)

S2 Table. HCV-specific viral life-cycle parameters. The estimation method listed reflects the approach employed in the
cited reference.
(PDF)

S3 Table. JEV-specific viral life-cycle parameters. The estimation method listed reflects the approach employed in the
cited reference.
(PDF)

S4 Table. Description of model parameters and their values. The estimation method listed reflects the approach
employed in the cited reference.
(PDF)

S1 Fig. Comparison of model predictions with intracellular HCV RNA dynamics. The total intracellular (+)RNA pre-
dicted by the model (Rt + Rem + RCcw, blue line) is compared against experimentally measured HCV RNA abundances
from Aunins et al. (2018) (red circles). Initial conditions were set to match the values reported in Aunins et al. (2018); no
parameter fitting was performed. The model reproduces the characteristic biphasic rise and plateau of intracellular viral
RNA over 48 h post-infection.

(TIF)
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S2 Fig. Effect of multiplicities of infection (MOIs) on the dynamics. Normal-

ized viral titre trajectories are shown for different MOls under the four scenarios:

SO;(/n = O! Ia = 01 VC = 0);S1ay(ln = 01 Ia = 1: VC = 0);S1b!(ln = 11 /a = 1! VC = 0)7and SIV;(/n = 1! Ia = 11 VC = 1)
(TIF)

S3 Fig. Integrated mathematical model of the viral life cycle with interferon pathways. Normalised dynamics (for JEV) of the
levels of viral titre (left), non-structural proteins (center), and antiviral ISGs (right) are shown and compared for different combinations
of strengths of immune self-regulation (/; ny), viral counter measures(V,y) and antiviral immune response (/v y). The blue line
represents a no-interaction (Sp) scenario where Iy, Iy, Vi are all set to zero, whereas the red solid line represents a fully
interacting system where all three are set to one (S;y). The black dashed and magenta lines correspond

to intermediate interactions (Sy,) where ‘Iyn = I;y =1 and V, = 0’ and scenario (Sj3)‘lvn = 1y = Vi n = O’ respectively.
(TIF)

$4 Fig. Viral-lmmune transition of HCV infection dynamics. (a-b) The heatmap of the viral titre output

(V7) during HCV infection is shown when k; v and k;sg rna (left) and k;y and kv (right). Darker shades indicate higher
viral load, highlighting the nonlinear response of viral output to changes in host-virus interaction parameters. c) Viral titre
(Vr)as a function of viral transcription rate k;\, showing a sharp transition between low and high viral states. d) Viraltitre
(V;) as a function of viral antagonism strength V, ,, demonstrating a sigmoidal response characteristic of a threshold-like
antiviral effect.

(TIF)

N

S5 Fig. Virus-immune transition boundary in JEV infection. The heatmap of the viral titre output

(V7) during JEV infection is shown as a function of V, and immune action strength (/). Darker shades indicate higher
viral load, highlighting the nonlinear response of viral output to changes in host-virus interaction parameters.

(TIF)

S6 Fig. HCV viral load at the immune—virus critical point under parameter variability. Distribution of Hepatitis C viral load
predicted from 25,000 parameter sets generated by Latin Hypercube Sampling (LHS), with all model parameters varied inde-
pendently over a 100-fold range, from 0.1x to 10x their nominal values. Here we fix V,y = 0.578 and Iy = 1 (critical point).
(TIF)

S7 Fig. Sensitivity analysis identifies key parameters controlling viral-immune transition bound-

ary. Bar plot showing the parameter sum of sensitivity indices of critical values (corresponding to VITB) of

I’(,,N and V;*_N. Colored bars denote the most influential parameters : byavs, bxinase: Kevs Kmavs, Kivs Krvs tiscrnva, and Keiscrna
(Description in Supplementary S2 and S4 Tables).

(TIF)

S8 Fig. Modulation of JEV VITB by ISG translation and leakage rate of viral dsRNA. The Viral-

Immune Transition boundary (VITB) for JEV infection systems are shown for different values of

Kkt 1sG rna (translation rate of ISG mRNA, left) and k; v (leakage rate of viral dsRNA, right). The solid line, the dashed line,
and the solid line with square symbols show the VITB when the parameter of interest is unperturbed, reduced by half, and
doubled, respectively.

(TIF)

S9 Fig. Comparative VITB analysis of HCV and JEV. The VITB fronts for HCV (blue) and JEV (orange) infection systems
are shown for different values of psgrna (degradation of ISG mRNA, top left), k;y(translation rate of viral RNA, top right),

k- v (transcription rate of viral RNA, top center), byavs (deactivation rate of MAVS, bottom left), kyays (activation

rate of MAVS, bottom right), and bxnase (deactivation rate of kinases, bottom center). The solid line, the dashed line, and
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the solid line with square symbols show the VITB when the parameter of interest is unperturbed, reduced by half, and dou-
bled, respectively.
(TIF)

S$10 Fig. Viral load sensitivity along the JEV VITB. The line plots show the fold change in the steady state values of
JEV V7 at points along the front when the corresponding parameter values were A reduced by 50% (magenta-k; sG rna»
green-k; v, black-kyays) and B increased by 50% (black-1sc rva, Orange-k;v), blue-k; v, grey-buyays, and violet-bnase)-
(TIF)

S$11 Fig. Coordinated dynamics of the IFN-ISG transcriptional regulatory hub. The temporal profiles of components
of each cluster IFN-ISG transcriptional hub cluster across the 96-hour time course are plotted. The size of the filled grey
circle indicates the correlation between the component and the cluster mean (Fig 3B), with larger markers representing
smaller distances.

(TIF)

S$12 Fig. Distinct dynamic phases of early and secondary innate immune activation. The temporal profiles of compo-
nents of each cluster A IRF3-IFN cluster, B secondary responders cluster, C NFkB— IxBac, D aRIGI, and E pIRF7 across
the 96-hour time course are plotted. The size of the filled grey circle indicates the correlation between the component and
the cluster mean (Fig 3B), with larger markers representing smaller distances. As clusters C, D, and E contain only one
component, correlation is not applicable.

(TIF)

S$13 Fig. Temporal clustering reveals coordinated modules in innate immune signaling dynamics. The temporal
profiles of components of each cluster A Early responders cluster, and B NFxB, cluster across the 96-hour time course
are plotted. The size of the filled grey circle indicates the correlation between the component and the cluster mean (Fig
3B), with larger markers representing smaller distances. As clusters B contain only one component, correlation is not
applicable.

(TIF)

S14 Fig. IFN Desensitization is Mediated by Receptor-Kinase Complex and TYK Dynamics. Kinetics of A an early
ISG (ISGn) transcript involved in immune suppression, and B a late ISG (ISGav) transcript associated with viral sup-
pression, in response to a two-dose interferon (IFN) treatment. The first IFN dose (100 nM) is administered at 0 h
post-exposure (h.p.e.), followed by a second 100 nM dose at 24 h.p.e. The following five conditions are shown: D,
Control (orange circles): Two-dose IFN treatment without any restoration of signaling components. D, JAK Restored
(yellow triangles): JAK levels restored to baseline before the second IFN dose. D, RTKC Restored (purple diamonds):
Receptor-TYK2 complex (RTKC) levels restored before the second IFN dose. D, TYK Restored (green line): TYK2
levels restored before the second IFN dose. D, RTKC and TYK Restored (light blue line): Both RTKC and TYK2 levels
restored before the second IFN dose. Dashed vertical lines indicate the timing of the second IFN dose. These results
suggest that restoration of upstream signaling components (particularly RTKC) can partially recover ISG responsive-
ness upon repeated IFN stimulation.

(TIF)

S$15 Fig. Effect of IFN dosage and timing on viral infection. Heatmaps illustrating the fold change in normalized AOC
(nAOC) as a function of IFN dosage (nM) and viral parameters: A viral egress rate (k, v), B viral translation rate (k; ),

C viral RNA degradation rate (u,v), and D viral entry rate (ken,v). Warmer colors (pink) indicate higher fold changes in
nAOC, signifying improved prophylactic efficacy.

(TIF)
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