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Children are uniquely susceptible to severe influenza infection, with one million
children experiencing severe life-threatening disease each year. However, there is
little evidence that an underdeveloped immune system or differences in viral loads
are responsible, implicating the host inflammatory response as responsible for
increased lung injury in juveniles. Here, we used mechanism-based mathematical
modeling, age-specific lung immune data from influenza-infected mice, Bayesian
statistics, and rigorous Monte Carlo-based methods to identify immune mechanisms
that may be differently regulated in juvenile animals. We hypothesized that the
immunological mechanisms between juvenile and adult mice are primarily
conserved, and that immune response differences arise due to a minimal set of
parameter differences. First, we developed and identified parameter bounds for
an ordinary differential equation (ODE) model of the innate immune response
to influenza infection which capture the dynamic changes of select parameters.
Using publicly available juvenile and adult murine data, we then conducted a
computational screen of different age-specific model scenarios and evaluated the
scenarios using the Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) to select the optimal scenario. These results suggest that the rate
of production of JAK-STAT pathway activators, like type | IFNs and IL-6, is age-
specific. Preconditioned Monte Carlo (PMC) analysis revealed that JAK-STAT
activator production is higher in juveniles than adults. Additional simulations suggest
antiviral therapeutics may be more effective in juvenile populations. While not
significantly suppressing virus replication, age-specific IFN or IL-6 production may
be responsible for increased inflammation, lung injury, and mortality observed in
juvenile influenza infection.

KEYWORDS

mathematical modeling, age-specific, lung immune data, Bayesian statistics, Monte
Carlo, immunological mechanisms, ordinary differential equation, ODE model

Introduction

Influenza virus and other respiratory viruses remain a large global threat with seasonal
influenza alone resulting in 3-5 million cases and between 290,000 and 650,000 death each
year (1). Pandemics escalate this threat and affect significantly more individuals, with the 1918
influenza pandemic estimated to be responsible for 50 to 100 million deaths (2). Young
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children, the elderly, and those with pre-existing medical conditions,
such as asthma, are at an increased risk of severe influenza infection
(3). While risk factors include being under the age of 6 months and
having co-morbidities, the majority of influenza-associated pediatric
deaths have occurred in older children (median age of seven), with
over 40% of these deaths occurring in previously healthy
children (4-6).

Even though the underlying mechanisms driving severe disease
in children remain unclear, there are several potential explanations for
the disparities in age-specific outcomes. One leading hypothesis for
why children experience more severe outcomes is due to increased
viral load resulting from differences in viral replication and clearance.
Influenza infection severity has been shown to correlate with increased
viral load (7). Current literature exploring the differences in viral load,
clearance, and replication between juveniles and adults is mixed. In
animal studies, differences in viral replication and clearance between
juvenile and adult populations have been observed. Influenza-infected
primary airway epithelial cells from infant rhesus monkeys showed
increased viral load and decreased type I interferons (IFN), a crucial
component of the anti-viral response, compared to adult monkeys (8).
Additionally, higher viral titers and increased lung injury were
observed in influenza-infected juvenile mice compared to older adult
mice (9). However, several murine and human studies have revealed
similar viral burden between influenza infected juveniles and adults
despite differences in illness severity and lung injury (10-14). Thus,
the host immune response has been implicated in driving
age-specific outcomes.

Studies have shown that the immune responses in children are
vastly different than those of adults, with children relying more heavily
on their innate immune responses as their adaptive immune systems
develop (15-17). Although it is tempting to attribute children’s
increased susceptibility and mortality to an underdeveloped adaptive
immune response, there is little evidence that these factors are
primarily responsible for severe outcomes in pediatric populations (4).
While both the innate and adaptive immune systems are activated in
response to viral infection, innate immunity plays a pivotal role in
determining infection outcomes (18-21). For example, a study
performed by Epstein et al. found that mice deficient in mature B cells
and all antibodies were able to survive primary influenza infection
(22). Additionally, antibody and specific T-cell arrival occurs 4 days
post infection, by which time viral levels are typically decreasing (23).
The reliance on the innate immune response in juveniles is also
highlighted in a study by Prigge et al. (24), which showed a delayed
T-cell and IFN-y response in juvenile mice infected with influenza
compared to adult mice. Furthermore, the innate immune response
consists of the secretion of pro-inflammatory cytokines, where
elevated levels are associated with increased lung damage and more
severe outcomes of influenza infection (4, 25-29). Altogether, this
indicates the outcome of infection depends heavily on the innate
immune response. In juveniles, heightened reliance on the innate
immune system may particularly contribute to more severe,
inflammation-induced lung injury. Consistent with this hypothesis,
studies of influenza-infected juvenile mice by Onufer et al. (30) and
Kumova et al. (31) indicate that type I IFNs exacerbate lung
inflammation and infection severity but do not lower virus titers. Still,
the underlying mechanisms by which age-dependent innate immune
responses to influenza infection result in increased mortality in
juveniles remain unclear.
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Nonlinear ordinary differential equation (ODE) models are
highly effective at characterizing complex biological systems and
have proven to be an invaluable tool for understanding influenza
infection dynamics. These models have been employed to identify
the mechanisms involved in predicting the duration, severity, and
outcome of influenza infection (32-34). For instance, ODE models
have been used to elucidate key influenza kinetic parameters, such
as the viral clearance rate (35). Additionally, these models have
analyzed the signaling pathways that play an important role during
influenza infection, determined key components of the innate and
adaptive immune response, and explored the effects of antiviral
therapeutics (34, 36-49). Mathematical models have also been used
to determine differences in immune dynamics due to viral strains
(50, 51), sex, and age (50-55). However, while previous models
have advanced our understanding of influenza pathogenesis, they
are insufficient to explore the key mechanisms driving severe
infection in pediatric populations. Previous modeling studies
considering age differences have primarily focused on the
differences in immune response between adults and the elderly
rather than juvenile populations (52, 56, 57). Pre-existing models
were unable to replicate published results, missing key components
of the innate immune response, and/or unable to capture
differences in disease outcomes without varying levels of
viral burden.

Therefore, to elucidate the immunological mechanisms that lead
to distinct, age-specific pathologies, we expanded the Baccam et al.
(43) model to develop a mechanism-based, ODE model of the innate
immune response to influenza infection. We then performed multiple
parameter optimizations across several scenarios to identify the
biological mechanisms that are differentially regulated between
juveniles and adults. To perform these parameter estimations, the
model parameters were fit to viral load, cytokine, and myeloid cell
data from juvenile and adult mice infected with Influenza A/
WSN/1933. The models were then assessed using the Akaike
Information Criteria (AIC) and Bayesian Information Criteria (BIC),
which account for the goodness-of-fit and the number of parameters
in the model. Preconditioned Monte Carlo (PMC) (58) was employed
to obtain a rigorous estimation of the age-specific parameter
distributions of the optimal model (58). Together with global
sensitivity analysis, PMC establishes the parameter(s) that primarily
drive differences in the innate immune responses. Altogether, this
modeling-based approach suggests that a higher production rate of
JAK-STAT activators like type I IFNs and IL-6 is primarily responsible
for the distinctive immune response observed in severe pediatric cases.

Materials and methods
Mathematical model development

A six state ODE model (Figure 1) was developed to describe the
innate immune response to influenza infection. We aimed to develop
a minimal mechanistic model that minimizes the number of
parameters to be estimated while maintaining a high level of
confidence in the immunological mechanisms of the model. Here,
we describe the relevant innate immune responses to influenza
infection and then describe how these mechanisms are

mathematically modeled.
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FIGURE 1
Schematic of ODE model. Healthy epithelial cells (H) are infected by virus at a rate of fHV. Infected epithelial cells (I) are produced at a rate of gHV and
are removed by neutrophils (N) at a rate of byNI. Influenza virus (V) is produced by infected cells at a rate of ay, and is inhibited by IFN where by, is the
rate constant. Type | IFN (A) is produced by infected cells at a rate constant of a,. Monocytes (M) are recruited by JAK-STAT activators, IFN and IL-6, at a
rate constant of awa, and neutrophils (N) are recruited by monocytes at a rate of aywM. Degradation rates for infected cells, virus, JAK-STAT activators,
monocytes and neutrophils are not shown in the schematic but included in the model. Created with BioRender.com.

During influenza infection, the virus attacks the host respiratory
tract and infects healthy epithelial cells and other lung resident cells
(59). The virus replicates within the infected epithelial cells, and newly
synthesized viruses are then released by the infected cells (60).
Infected epithelial cells also secrete type I IFNs, which induce an
antiviral state in nearby cells and stimulate the production of
IFN-stimulated genes (ISGs) via the JAK-STAT pathway (61-65).
ISGs inhibit viral replication both by inducing enzymes that degrade
viral RNA and proteins and by inhibiting viral translation,
transcription, and assembly (66, 67). IL-6 joins type I IFNs to converge
as activators of the JAK-STAT pathway (68-72). Both IL-6 and type
I TENs help to recruit myeloid cells, such as monocytes, macrophages,
and neutrophils, to the lungs (73-75). In particular, they promote the
production of monocyte chemoattractant protein 1 (MCP-1) which is
the primary chemokine responsible for both recruiting monocytes
and CCR2 + macrophages to the site of infection (64, 76). MCP-1 and
IL-6 additionally promote the differentiation of recruited monocytes
to macrophages (77). Type I IFNs also aid in the recruitment of
neutrophils by stimulating inflammatory monocytes to produce IL-18
(64). Neutrophils clear infected host cells both by directly
phagocytosing infected epithelial cells and removing released virions
by casting neutrophil extracellular traps (NETs), which reduce the
number of infected host cells capable of effecting downstream
immune responses (64, 78-80).

The innate immune system described above is modeled as follows.
Healthy epithelial cells (H) are modeled in Equation 1, where cells
become infected by virus at a rate of JHV, where f is the rate constant
of infection. We do not include a regeneration term for healthy cells,
as regeneration of the epithelium begins approximately 5 days post
infection, and complete regeneration takes up to 1 month (81).
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Additionally, Saenz et al. (49) and Baccam et al. (43) found that
incorporating a logistic growth term for epithelial regeneration did
not affect infection dynamics or improve the fit of the model to
experimental data. Infected epithelial cells (I) are modeled in
Equation 2, where infected cells are produced at a rate of fJHV and are
removed by neutrophils at a rate of byNIL Influenza virus (V),
modeled in Equation 3, is produced by infected cells at a rate of ay,I
and is inhibited by IFN with mass action kinetics, where by, is the rate
constant. The loss of virus to infection is neglected, since infected cells
can produce up to 20,000 virions. Thus, the loss of one virion to infect
a cell can be considered negligible (82). Equation 4 models JAK-STAT
activators (A), such as the concentrations of type I IFNs and IL-6.
These activators were considered to be produced at the rate constant
a,r to model the production of IFN by infected cells. Here, we initially
assume mass action-based kinetics instead of a Hill kinetic to limit the
number of parameters. While other models incorporate a Hill kinetic,
we found the mass-action kinetic to be sufficient to capture the data,
thus eliminating the need for an extra parameter (50). Monocytes (M)
are modeled in Equation 5, where they are recruited by IFN and IL-6
at a rate of ay, A. The change in the numbers of neutrophils (N) are
modeled in Equation 6. Neutrophils are recruited by monocytes (via
IL-18) at a rate of ayyM. All states include a degradation term except
for healthy epithelial cells whose degradation is negligible over the
course of infection.
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Experimental data collection and
alignment with model states

To parameterize the model, published literature was reviewed for
dynamic data that best corresponded to the model states. Mouse data
was reconstructed from Coates et al. (10). As reported in their work,
adult (8-10 week old) and juvenile (4 week old) mice were infected
intratracheally with 25 PFU of Influenza A/WSN/1933. Virus titer,
body chemokine/cytokine levels, and cell counts from lung
homogenates were measured at days 0-, 5- and 7-days post infection.
Day 3- post infection data was also collected for virus titers, IFN-£,
and IL-6. Experimental data was obtained from the published figures
using WebPlotDigitizer. From the data available, we selected viral
levels, monocyte cell counts, and neutrophil cell counts. IL-6
measurements were used to represent levels of JAK-STAT pathway
activators due to of the unavailability of IFN-a data and the lower
abundance of IFN-f relative to IFN-« (10). The dynamics of IL-6 and
type I ITFNs have been shown in multiple studies to be highly correlated
over the course of infection (83-85).

Parameter fitting

The viral load, IL-6, monocyte, and neutrophil data collected from
juvenile and adult mice (Figure 2) was used. Parameter fitting was
performed using the basin-hopping algorithm with Nelder-Mead to
minimize the log likelihood:

; \2
N 1| 705 70)

+nln(o—i2,j) (7)
ij Gi,j

v
Where L is the likelihood, # is the number of observations, y;, j
is the predicted value, y; j is the observed value, and o is the
standard deviation.

Parameter bounds

To ensure alignment of model and parameter estimates with
known biology of the innate immune response to influenza infection,
we imposed parameter bounds on the fitted model parameters based
on experimental measurements and mathematical modeling estimates
from literature. The rate constant of infection has been estimated in
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several mathematical models of influenza infection and consistently
found to be between 5.0e-08 and 8.0e-05 (43, 47, 86, 87). We therefore
used this range as the parameter bound for f.

Unfortunately, the removal rate of infected cells by neutrophils has
not been directly measured or estimated in previous mathematical
models to our knowledge. In general, this is difficult to measure as there
are several effector cells that play a role in removing infected cells. Other
studies have estimated the killing rate of infected cells by natural killer
cells (86), cytotoxic T lymphocytes (35), and CD8* T cells (47, 56), with
these rates ranging from 1.1e-10 to 2.0e-03. However, since these are not
estimates of the removal rates by myeloid cells, we used this range to
start and then iteratively reduced our range to the range listed in Table 1.

A study by Zdanov and Bukrinskaja (88) found that a single
epithelial cell can release up to 10>~10* virus particles in a day. Several
modeling studies (45, 47, 86, 87) set the production rate of virus by
infected epithelial cells to be between 1 and 1,000 virions per day,
which we have similarly done here. For the rate of inhibition on viral
replication by type I IFNs, we adapted the parameter bounds from
Liparulo et al. (55) and Ackerman et al. (50) to be [1.0e-03 mL/pg.-day,
2.0e+01 mL/pg.-day]. This parameter bound aligns with the estimated
value of the clearance rate of free virus due to the innate immune
system from a study conducted by Pawelek et al. (89). Unfortunately,
the rate of type I IFN production by infected epithelial cells, used to
model JAK-STAT activators, is not well known and has only been
estimated in a couple of studies. Price et al. (86) estimated the value to
be between 2.7e-02 pg./mL-cell-day to 1.1e+01 pg./mL-cell-day, while
Cao etal. (90) estimated the value to be 10~ units/cell-day. Considering
the units of measurement and models, we set the parameter bounds as
listed in Table 1. The bounds for the rates of monocyte and neutrophil
recruitment were set by first considering the bounds for maximum
chemotactic attraction of neutrophils and for the substrate affinity for
attraction of neutrophils as outline in the study by Price et al. (86).
Using these bounds as a guide, we then iteratively estimated the bounds
through multiple fitting exercises to get biologically feasible bounds.

Several studies, performing direct experimental measurements,
have estimated that influenza infected epithelial cells have an average
lifespan of 12-48 h and have set the decay rate of infected epithelial
cells according to this range (91-97). Additionally, numerous
experimental studies have measured the average lifespan of a virion to
be between 0.5 and 3 h (98-101). In line with these experimental
values, a recent study by Schuit et al. (102) estimated a half-life of
31.6 min for influenza virus particles in aerosols. Thus, the viral decay
rate parameter bounds were set accordingly. Harari et al. (103)
reported that type I IFNs typically have a half-life between 0.5 and 4 h
in mice, which served as the basis for the parameter bounds for the
decay rate of JAK-STAT activators in our model. Similarly, Patel et al.
(104) showed that the half-life of classical monocytes in mice was
around 20 h, while the half-life of non-classical monocytes was around
2.2 days. This range informed our parameter bounds for the decay rate
of monocytes. This was also true for the parameter bounds for the
decay rate of neutrophils, as neutrophils were shown to typically have
a half-life as high as 12.5 h and as low as 6 h (104, 105).

Model selection

In this study, we generated 30 different model scenarios where
juvenile and adult models are, respectively, fit to juvenile and adult
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FIGURE 2

Experimental data used in model parameterization which was reconstructed from Coates et al. (10). See original paper for experimental details.
Juvenile data are shown in blue; adult data are shown in red. * Indicates significance between juveniles and adults at each time point where p < 0.05.
Juvenile and adult mice were infected intratracheally with 25 PFU WSN/1933. (A) Influenza A viral titers of lung homogenates 3-, 5-, and 7-days post
infected (dpi). (B) IL-6 concentrations in bronchoalveolar lavage fluid (BALF) 3, 5, and 7 dpi. (C) Total number of recruited monocytes per dry lung
weight 5 and 7 dpi. (D) Total number of neutrophils per dry lung weight 5 and 7 dpi.

TABLE 1 Parameter descriptions and bounds.

Parameter Units Description Parameter bounds Reference

P mL/PFU-day Rate constant of infection [5.00e-08, 8.00e-05] (43, 47, 86, 87)
Removal rate of infected cells by

b 1/cell-day [2.50e-09, 2.00e-06] Est. (35, 47, 86)
neutrophils
Production rate of virus by

ayy PFU/mL-cell-day [1.00e+00, 1.00e+03] (45, 47, 86-88)
infected epithelial cells
Rate of inhibition of virus

bva mL/pg.-day [1.00e-03, 2.00e+01] (50, 55, 89)
replication by type-I IFN
Production rate of type-I IFN by

au pg/ML-cell-day [2.70e-04, 1.10e+01] (86, 90)
infected epithelial cells
Recruitment rate of monocytes by

I mL-cell/pg.-day [1.00e-01, 2.00e+03] Est. (86)
JAK-STAT activators

anm day™! Recruitment rate of neutrophils [1.00e-01, 2.00e+03] Est. (86)
Decay rate of infected epithelial

d, day! [5.00e-01, 2.00e+00] (91-97)
cells

dy day” Decay rate of virus [2.00e+00, 4.80e+01] (98-102)
Decay rate of JAK-STAT

dy day”! [4.16e+00, 3.30e+01] (103, 104)
activators (type-I IFN, IL-6)

dy day! Decay rate of monocytes [3.15e-01, 9.79¢-01] (104)

dy day™ Decay rate of neutrophils [9.24e-01, 2.72e+00] (104, 105)
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experimental data simultaneously. The models generated included a
scenario where no parameters were considered to be age-specific and
a scenario where all the parameters were allowed to take on unique,
age-specific values. Additionally, each combination of one and two
age-specific parameters were considered, excluding degradation
rates. This approach produced 30 different model scenarios that
allowed us to determine which immune mechanisms were
age-specific while accounting for hypotheses found in literature. To
compare the different model scenarios, we used the Akaike
Information Criterion (AIC) (Equation 8) and the Bayesian
Information Criterion (BIC) (Equation 9). The lower the AIC/BIC,
the better the model is. The AIC and BIC equations are comprised
of two terms: a goodness-of-fit term that incorporates the log
likelihood (L) (Equation 7) and a penalty term for an increasing
number of parameters, k, in the model. The BIC increases the
penalty for increased numbers of parameters by multiplying the
number of parameters by the log number of samples. Thus, these
criteria evaluate model fitness by mediating the tradeoft between
goodness-of-fit and model simplicity; a larger model with a better
(lower) log likelihood value will not necessarily result in a lower
AIC/BIC.

AIC——Zln(LJ+2k (8)

BIC——Zln[ZJ+kln(n) (9)

Preconditioned Monte Carlo analysis

Preconditioned Monte Carlo (PMC) analysis was performed
using the python package, pocomc (58, 106). PMC uses a Normalizing
Flow to precondition the geometry of the posterior parameter space
and then employs a Sequential Monte Carlo algorithm to effectively
sample from highly dimensional and complex posterior distributions.
The log priors were set to be the parameter bounds for the degradation
rates while log priors for the remaining parameters were set to
be within one order of magnitude of the best fit value in each direction.
These log priors all fell within the parameter bounds and were limited
to these smaller ranges to reduce the computational cost. The
log-likelihood (Equation 7) was used along with the log priors to
evaluate the PMC samples.

Global sensitivity

A global sensitivity analysis was performed using linear
regression-based approach. First, 1,000 parameter sets were randomly
generated with £10% of the best fit values for both the juvenile and
adult models independently for the model of interest. The model was
then simulated using each of the 1,000 parameter sets, and the area
under the curve (AUC) was calculated for each state in the model. The
parameter values and AUC values were then normalized using the
best fit values for the juvenile and adult models. A linear model was
constructed to relate the percent change in the parameter values to the
percent change in the AUC across all parameter sets tests. Regression
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was performed using Python’s scikit-learn package (107) to estimate
the sensitivity of the AUC to each parameter.

Results

Mathematical model of innate immunity
fits immune response data from juvenile
and adult mice

This study aims to determine which age-specific immunological
mechanisms may be responsible for disparities in outcomes following
influenza infection in juvenile and adult mice. These differentially
regulated immune response(s) can be represented by differences in
parameter values within a mathematical model. Thus, we first
developed a mathematical model of the innate immune response to
influenza infection. In our model (Figure 1), healthy epithelial cells
become infected with influenza virions (60) and in turn produce virus
particles and type I TENs (59). Type I IFNs inhibit viral replication (63)
and converge with IL-6 on the JAK-STAT pathway to recruit
monocytes to the site of infection (64, 68-73). Through the production
of cytokines, monocytes help to recruit neutrophils to the site of
infection (10, 75, 77). In turn, neutrophils directly clear infected
epithelial cells and prevent their released virions from infecting other
cells using neutrophil extracellular traps (64, 65, 80). A further
explanation of the rationale behind the model and its equations can
be found in Materials & Methods.

To employ our model, we first reconstructed the experimental
data from Coates et al. (10), as shown in Figure 2. The viral levels for
the juvenile and adult mice were similar across the course of infection,
3-, 5-, and 7-days post infection (dpi), and were not significantly
different. JAK-STAT activator levels, measured by IL-6 levels, were
significantly elevated 7 dpi in juvenile mice [p-value < 0.05 as reported
in Coates et al. (10)] compared to adult mice. Similarly, monocytes
were significantly higher in juveniles 0 and 7 dpi, while monocyte
levels were similar between juvenile and adult mice 5 dpi. Neutrophil
counts were similar across the course of infection between juveniles
and adults and were not significantly different. The Coates et al. (10)
study also reported higher levels of TNF, inflammation, lung injury,
and mortality in juvenile mice compared to adult mice. Given the
similar viral titers between juvenile and adult mice, the elevated
proinflammatory immune response in juvenile mice is likely a major
driver of the increased mortality in juvenile mice compared to
adult mice.

In this study, we propose several different scenarios where a subset
of parameters are allowed to take on unique, age-specific values to test
different hypotheses on immunological differences between juveniles
and adults (Figure 3). However, we first wanted to determine if the
model could sufficiently capture both the juvenile and adult immune
responses to influenza infection. To accomplish this, the model was
independently trained to the juvenile and adult data (Figure 2)
resulting in separate juvenile and adult estimates for each parameter
in the model. The model parameterization was accomplished using a
minimization algorithm with a Basin-hopping optimizer (see
Materials & Methods) with parameter bounds based on experimental
literature values and bounds from previous modeling studies (Table 1).
Allowing all the parameters in our model to take on age-specific
values results in a good fit to the juvenile and adult data, with the best
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fit trajectory falling within one standard deviation of all the data
points (dark blue line, Figures 4C,D). Additionally, this fit results in
the biologically feasible range for healthy and infected epithelial cell
counts observed by Myers et al. (108). Overall, this demonstrates that
a mass-action based model can recapitulate the juvenile and adult
immune responses to influenza infection with biological feasible rates.

After confirming the model could sufficiently recapitulate the
juvenile and adult immune responses, we considered multiple
hypotheses or model scenarios where a subset of parameters is allowed
to take on age-specific values. Each of the proposed scenarios was
elevated using the Akaike Information Criterion (AIC) and Bayesian
Information Criterion (BIC) values which account for the goodness-
of-fit and penalize the model for requiring more parameters to fit the
experimental data. Thus, the lower the AIC/BIC, the better the model
represents the experimental data. As shown in the paragraph above,
the first scenario considered is the “All Different” model scenario
where all parameters in the model are able to take on unique,
age-specifics for juveniles and adults. The AIC for this scenario is 680,
and the BIC is 687 (Figure 4B), which serve as the benchmark for
future scenarios considered in this study.

Model screening suggests the rate of JAK-
STAT activator production differs between
juvenile and adult mice

The next scenario considered was the “All Shared” scenario where
none of the parameters in the model are allowed to take on unique
values between juveniles and adults (Figure 3). This hypothesis

10.3389/fams.2025.1694710

assumes that there are no age-specific immunological differences
between juveniles and adults, and thus, all parameters share the same
value. In this scenario, the model is trained simultaneously to the
juvenile and adult data. As we see from the magenta line in Figure 4,
forcing all parameters in the model to have the same value for the
juvenile and adult fits results in a poor fit to the data and subsequently
an AIC of 703 and a BIC of 707. These AIC/BIC values are significantly
higher than that of the “All Different” scenario, indicating that the “All
Different” scenario is a better model of the juvenile and adult immune
response data and confirms our broad hypothesis that juveniles and
adults
influenza infection.

have different immunological dynamics related to

Next, we sought to determine if there exists a smaller subset of
parameters that, when allowed to take on age-specific values, can
explain the differences in immune responses in juveniles and
adults. To do so, we consider 28 additional scenarios where one or
two different parameters are allowed to take on age-specific values.
These scenarios account for the combinations of all the parameters
in the model, except for the degradation rates, which are assumed
to be the same for juvenile and adult populations. In these
scenarios that only consider one age-specific difference, a single
parameter can have a different value between the juvenile and
adult models (Figure 3). Similarly, in the two age-specific
differences’ scenarios, two parameters can take on unique values
when trained to the age-specific data (Figure 3). The BIC values
for all 30 scenarios screened are plotted in Figure 4A, with a subset
of scenarios highlighted throughout Figure 4. The BIC values and
the trajectories for this subset of scenarios are shown in
Figures 4B-D.

Model Scenarios Considered

No age-specific differences

One age-specific difference

A single model is trained to juvenile and adult data.

For each parameter, p, two models (a juvenile and adult
model) are trained to juvenile and adult data. All other
parameters are constrained such that only p can take on
unique values in each model.

Two age-specific differences

For each combination of two parameters, p and q, two
models (a juvenile and adult model) are trained to juvenile
and adult data. All other parameters are constrained such
that only p and g can take on unique values in each model.

All different
All parameters take on unique values in two copies of the

model (juvenile and adult), which are individually trained to
juvenile and adult data

FIGURE 3
Juvenile and adult model scenarios. Multiple model scenarios are considered to determine age specific parameters in the inn

Different” scenario, each parameter is able to take on unique, age-specific values. In the remaining model scenarios, a subset

schemes demonstrate the different outcomes that occur under each scenario. Black lines indicate parameter rates that share

which predict the best model by accounting for the goodness-of-fit to the experimental data and the number of parameters.

ate immune response to

influenza infection. In the "All Shared” model, all parameters must share values and are trained to juvenile and adult data simultaneously. In the "All

of parameters is allowed

to take on age-specific values while the remaining parameters must share values while being fit simultaneously to juvenile and adult data. Model

the same value when

fitting the model to juvenile and adult data. Red, dashed lines represent parameters that can take on unique, age-specific values. For the "one age-
specific difference” and “two age-specific differences” scenarios, all parameters (and combinations of two parameters) are considered, with the
exception of the degradation rates. Each model is then evaluated using the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC)
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The computational screen found that allowing the rate of JAK-
STAT activator production, modeled as type I IFNs production by
infected host cells, to take on unique values resulted in the best model,
with an AIC of 666 and a BIC of 670. Moving forward, we will refer to
this scenario as the “Age-Specific IFN Production” or ASFP scenario.
While one model scenario (cell infectivity and IFN production)
produced a slightly lower BIC as seen in red in Figure 4A, the BIC of
this scenario is only about 2 less than the ASFP scenario, which does
not indicate a significant difference between models (109).
Additionally, Preconditioned Monte Carlo (PMC) analysis revealed
that there were not distinct parameter distributions for the juvenile
and adult estimates of cell infectivity, suggesting the rate of cell
infectivity is unable to take on unique, age-specific values
(Supplementary Figure 6). Thus, the optimal model is the ASFP
model. This model scenario fits the experimental data extremely well,
with the model outputs all falling within one standard deviation of the
data with the sole exception of viral loads 5 dpi in juveniles which falls
within two standard deviations of that data point (light blue line,
Figures 4C,D).

In addition to the top performing model scenarios, we also
considered other leading hypotheses from the literature for why
children experience more severe influenza infection. Thus, we next
consider the modeling scenario where the rate of monocyte
recruitment is allowed to take on age-specific values, since the
increased presence of monocytes in juveniles has been shown to cause
excess inflammation and lung injury (10). Allowing the rate of
monocyte recruitment to take on age-specific values, however,
resulted in a poor fit to the data, as the model fails to capture the
JAK-STAT activator (type I IFNs and IL-6) dynamics in juveniles and

Frontiers in Applied Mathematics and Statistics

08

adults (yellow line, Figures 4C,D). The model’s poor performance is
highlighted by the AIC of 703 and BIC of 707, the same as the “All
Shared” scenario (Figure 4B).

Last, we test the hypothesis that differences in viral replication and
infection dynamics can explain differences in infection severity among
children and adults by allowing the rate of cell infectivity and rate of
viral replication to take on age-specific values. Looking at the
trajectories for the resulting juvenile and adult models (red line,
Figures 4C,D), we observe that the models are unable to recapitulate
the either JAK-STAT activator or initial monocyte dynamics in both
juveniles and adults. While the AIC of 701 and BIC of 705 are slightly
lower than those of the “All Different” scenario, the ASFP scenario
shows significantly lower AIC and BIC values. Overall, the model
screening reveals that IFN production contributing to JAK-STAT
dynamics is the most likely age-specific parameter leading to the
differences in infection severity and immunologic dynamics observed
between juveniles and adults.

Activators of the JAK-STAT pathway are
differentially regulated in juvenile and adult
mice

While the model screening identifies the best model for the data,
the analysis relies on two estimates of the parameters and does not
provide a rigorous estimate of the parameter ranges that may fit the
data. To estimate the parameter distributions for which the model
reasonably fits the juvenile and adult data, we employ Preconditioned
Monte Carlo (PMC) analysis (see Materials & Methods) (58, 106). PMC
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analysis is useful to analyze the distributions of parameter values that
uphold the model, as there is more than one exact value for each
parameter that fits the experimental data. This is an appropriate method
for exploring and analyzing the parameter distributions given the
inherent heterogeneity in biological systems. We first want to ensure the
PMC fits result in reasonable model fits to the juvenile and adult data.
Figure 5 shows the 95% range of 4,163 model trajectories from the PMC
analysis for the juvenile and adult models in the ASFP scenario. The
majority of fits fall within one standard deviation of the experimental
data with all trajectories following the dynamics of the experimental
data. Altogether, this indicates that the parameter distributions
identified by the PMC analysis result in good fits to the data.

The parameter distributions for the ASFP model are shown in
Figure 6. The parameter values shown on the x-axes are log,, scaled and
fall within the parameter bounds (Table 1) suggested from prior
evidence. For the ASFP scenario, we see that a,; takes on age-specific
values and has distinct parameter density distributions for juvenile and
adult values, shown in blue and red, respectively (Figure 6). These results
suggest that the rate of JAK-STAT activator (type I IFNs and IL-6)
production is greater in juveniles than in adults. Last, we analyze the
parameter distributions to identify significant correlations between
model parameters in the ASFP scenario (Figure 7). There is a near
perfect positive correlation between a; juenile A0d @47 aAdul 41 juvenite a0
dy, and ay; aqa and d,. Figure 7B reveals the ratio of 1og; (aar, agur) to 1ogyo
(@A~ juvenite) is above 1 for each simulation run from the PMC analysis and
shows the relationship between this ratio and d,. We observe a positive,
albeit weaker, positive correlation between this ratio and d,. We also see
a very strong positive correlation between ay; and by,, ay; and dy, and by,
and dy (Figure 7A). Given the availability of our source data, the
independence of production and degradation rates cannot be established.
However, the near perfect correlations between the viral decay rate, rate
of viral replication, and inhibition of viral replication by IFN suggest the
model could be further simplified according to these correlations.

Juvenile and adult models of innate
immunity have different parametric
sensitivities

Next, we perform a global sensitivity analysis on the ASFP model
scenario (Figure 8). The JAK-STAT activator and monocyte states are

10.3389/fams.2025.1694710

highly sensitive to f (rate of cell infectivity) and ay; (rate of viral
replication). Additionally, these states are moderately sensitive to a,;
(rate of JAK-STAT activator production), and by, (rate of viral
inhibition by IFN) in the juvenile and adult models. The JAK-STAT
activator and monocyte states in juvenile model are more sensitive to
S, ayp, and by,, compared to those in the adult model. Meanwhile, the
JAK-STAT activator and monocyte states in the adult model are more
sensitive to a,; than those of the juvenile model. Differences in the
juvenile and adult model sensitivities could indicate therapeutics
targeting these pathways would result in different treatment
effectiveness among juveniles and adults. While production terms are
not possible to evaluate independently from their respective
degradation terms, we observe that the model is not highly sensitive
to the degradation rates, providing additional support for not allowing
degradation rates to take on age-specific values. Last, the global
sensitivity analysis reveals the juvenile and adult models are not
sensitive to byy, the rate of neutrophil removal of infected cells,
indicating this rate may not play a pivotal role in the model and could
be simplified in future work.

Model simulations suggest drug therapies
are more effective in juveniles than adults

Last, we wanted to use the ASFP model to predict the effectiveness
of different potential therapeutics in juveniles and adults. Using the
ASFP model, we first perform a knock-down study where we decrease
the rate of cell infectivity by 25, 50, 75 and 100% (for a complete
knock-out) in both juvenile and adult models to simulate an antiviral
9). We that all
(Supplementary Figure 5) are significantly more affected in the juvenile

therapeutic  (Figure observe six  states
model compared to the adult cohort in response to the simulated anti-
viral. For example, in the 50% knock-down case, monocyte counts
decrease 76% in juveniles compared to 70% in adults. This difference
is more pronounced in the 25% knock-down scenario, where
we observe that monocyte levels decrease by 32% in juveniles and only
15% in adults. Similarly, in the 50% knock-down case, peak JAK-STAT
activator levels are 41% of peak JAK-STAT activator levels in juveniles
and 52% of peak JAK-STAT activator levels in adults 8 dpi. Altogether,
these results suggest that administering an anti-viral drug targeting cell

infectivity would be more effective in lowering inflammation in
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juveniles compared to adults during the first 8 dpi. While these results
indicate differences in the effectiveness of an antiviral between juveniles
and adults, it is important to note that the simulations were stopped at
day 8 post infection, and the true peaks of JAK-STAT activators, like
IFNs and IL-6, and monocytes may occur after this point.

We also considered the effect of increasing JAK-STAT activator
production rates via increasing IFN production rates, as a study by
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Beilharz et al. (110) found that the administration of low-dose IFN-«a
to HIN1 influenza infected mice protected the mice from lethal
challenge. Figure 10 shows the simulated ASFP model trajectories for
25, 50, 75 and 100% increases in the rate of IFN production. In the
50% increase case, we can see that the decrease in viral loads and
infected epithelial cells is greater in juveniles (22 and 21% respectively)
compared to that in adults (19 and 17% respectively). Additionally,
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trajectories for simulated model outputs. (B) Adult trajectories for simulated model outputs.

this simulated scenario reveals that the increase in JAK-STAT
activator concentrations and monocyte counts is higher in adults than
in juveniles. Adults experience a 30% increase in levels of JAK-STAT
activators and a 34% increase in monocyte cell counts at 8 dpi while
juveniles only show a 16% increase in JAK-STAT activator
concentrations and 12% increase in monocytes. These results suggest
that a therapeutic increasing IFN production would be slightly more
effective (or comparable) at reducing viral loads and infected cell
counts in juveniles, while in adults, the same treatment would lead to
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a greater increase in type I IFNs and monocytes, components of the
immune response associated with higher levels of inflammation.
However, it is important to note that the overall JAK-STAT activator
and monocyte levels are still higher in juveniles than adults
(Supplementary Figure 2), and thus, careful consideration should
be given before administering type I IFNs to either cohort. Other
interventions, such as simulating CCR2 knock-out studies, were tested
but did not result in any age specific outcomes in the model
(Supplementary Figures 1, 3).
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Simulating effects of JAK-STAT activator treatment. The JAK-STAT activator production (a,) parameter is increased to simulate the effect of
administrating IFN. The model trajectories are normalized to the maximum value of each state to the 0% increase scenario. (A) Juvenile trajectories for
simulated model outputs. (B) Adult trajectories for simulated model outputs.

Discussion

Overall, our mathematical model of the innate immune response to
influenza infection is able to capture age-specific differences in immune
responses. To our knowledge, this is the first mathematical model that
captures the juvenile immune response to influenza infection. While
other studies have considered the effect of age on innate and adaptive
immune responses to influenza infection (52-54), this is the first
mathematical model to identify age-specific differences between juveniles
and adults. Our results suggest that allowing the rate of JAK-STAT
activator production to take an age-specific parameter is sufficient to
recapitulate the trajectory of immune responses observed in juvenile and
adult mice. Additional independent studies lend credibility to these
findings. Importantly, studies by Kumova et al. and Onufer et al.
independently concluded type I IFNs, not virus titers, are the most
important drivers of severe influenza infection in juvenile mice. A study
by Davidson et al. (25) found that increased levels of type I IFNs resulted
in more severe outcomes among mice. Similarly, human studies suggest
elevated IFN concentrations drive severe disease pathogenesis in pediatric
populations (14). Conversely, other studies contradict the hypothesis that
higher amounts of type I IFNs are produced and drive disease severity in
children compared to adults. A study by Clay et al. (8) found that IFN-«
levels were significantly lower in juvenile rhesus macaques compared to
their adult counterparts. However, even though some animal studies
suggest that viral clearance and production of type I IFNs are impaired in
juveniles, emerging data from human studies suggests that pathological
host inflammatory responses, and not unchecked viral clearance, are to
blame (13, 14, 25). Furthermore, independent modeling studies also
confirm the importance of production of type I IFNs being a key
determinant of influenza infection severity (43, 48-50).

Interestingly, the modeling screening does not identify monocyte
induction as an age-specific parameter. The study by Coates et al. (10)
showed that limiting monocyte induction through a CCR2 agonist
results in lower IFN concentrations and monocyte cell counts, as well
as increased survival rates and less inflammation and lung injury in
juvenile mice. The modeling results shown here instead suggest that
the difference in monocyte cell counts between juveniles and adults is
driven by differences in type I IFNs/IL-6 concentrations and not
necessarily the rate of monocyte recruitment. More research needs to
be conducted to fully understand the relationship between production

Frontiers in Applied Mathematics and Statistics

12

rates of type I IFNs and monocyte recruitment and activity. Additional
data in this area could not only greatly aid in our understanding of the
complex interplay between cytokines and myeloid cells during the
innate immune response to influenza infection but could also provide
model validation to the ASFP model scenario. Unfortunately, while
the Coates et al. (10) study provided the experimental data (Figure 2)
for parameterization of our model, the CCR2 knock-out study does
not provide the same type I IFN measurements or measurements for
IL-6 or neutrophil cell counts as the original study. Thus, we cannot
use this knock-out study to validate our model.

Additionally, our model suggests that other leading hypotheses, such
as age-specific differences in viral replication and infectivity, are not the
primary drivers of lung injury and disease severity in pediatric
populations. The model screening did not identify viral replication, viral
decay, or the rate of cell infectivity as age-specific parameters. Further
examination into these model scenarios revealed that allowing viral
replication and cell infectivity to take on unique values between juveniles
and adults resulted in poor fits to the experimental data and failure to
capture key immune dynamic differences between juveniles and adults.
Despite this, our therapeutic simulations suggest that an antiviral
therapeutic targeting the rate of cell infectivity may be more effective in
juveniles than adults (Figure 9; Supplementary Figure 5). These results
support the need for further exploration into the effects of neuraminidase
inhibitors, which reduce the ability of influenza virus to penetrate the
mucus and infected other cells, or other antiviral drugs on influenza
infection in pediatric populations (111). We believe future work using our
model could be combined with techniques developed in other studies
(112-115) to isolate the mechanisms of specific antiviral drugs of
interest (115).

While our model suggests that increased production of JAK-STAT
pathway activators like IL-6 and type I IFNs are the primary drivers of
severe disease pathology in juveniles, this does not negate the possibility
of related mechanisms also playing a pivotal role in determining infection
outcomes. In addition to increased levels of IL-6 and type I IFNs, Coates
etal. and other studies have found high levels of inflammatory cytokines,
like TNE in children compared to adults, which correlate with the
severity of symptoms observed in pediatric influenza patients (4, 14, 116,

117). The involvement of TNE, particularly, is qualitatively supported by
the conclusions of this model. While TNF-producing macrophages
could not be incorporated due to lack of data on infiltrating macrophages,
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progenitor monocyte cell counts were also identified by Coates et al. as
significantly different in adult and juvenile populations at 7 dpi (10,
118-120). Despite the exclusion of macrophages and TNF in our model,
it is reasonable to expect that increases in the production rate of
pro-inflammatory JAK-STAT activators also precipitates increased levels
of downstream TNE Another potential mechanism driving severe
infection in juvenile populations is the decreased production of IL-12
and IFN-y observed in children (121-123). While the exclusion of these
data weakens our model, we believe our model is a good starting point
for future experimental and computational work to build a more
complete model of the juvenile and adult responses to influenza.

While the results of this study are extremely promising in aiding our
understanding of influenza pathogenesis and potential treatment in
children, there are a few limitations of this study. First and foremost, there
was extremely limited data available for investigating the immune
responses to influenza infection in both juveniles and adults. More
complete data is necessary to understand the dynamics of the innate
immune response and the recruitment of monocytes and neutrophils to
the site of infection. To this end, additional measurements at early time
points and the quantification of other cell types involved in clearance of
infected cells would be critical (35). The first few days of influenza
infection are a pivotal period for understanding the IL-6, type I TFNs, and
pro-inflammatory cytokine production rates and their dynamics.
Determining the differences between juveniles and adults during the
initial stages of infection could aid in identifying and refining the main
drivers of severe pediatric infection (25). Additionally, future work is
needed to elucidate the specific mechanisms driving differential
production of JAK-STAT activators in juveniles and adults. Wu et al.
discovered that the transcription factor Wizl causes lowered production
of type I IFNs during IAV infection (124). Greater understanding of the
regulation of JAK-STAT activators could clarify the reason for their
production parameter taking age-specific values in future models. Lastly,
the global sensitivity and correlation analyses suggest that some of the
parameters in the model are unidentifiable. For example, by has an
extremely low sensitivity across all the outputs, suggesting its value cannot
be confidently estimated given the model and data available. Additionally,
the correlation analysis reveals that a,; juyenie a0d aar agur and d, are highly
correlated with one another. While we cannot independently estimate
their parameter values, we can still confidently assert that a,; juyenie 15
greater than a,; g, as the ratio of 10g;g aar, adgur t0 10810 a1 juvenile FEMAins
above one for all simulations produced by the PMC analysis. Overall, to
improve upon the study, future work should incorporate data that has
multiple time points, especially at early timepoints of infection, and data
from knockout studies to validate and expand upon the current model.
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SUPPLEMENTARY FIGURE 1

Simulating effects of an antiviral drug treatment. The monocyte recruitment
(amp) parameter is reduced to simulate the effect of an antiviral compound.
Raw magnitudes of the model trajectories are shown. (A) Juvenile
trajectories for simulated model outputs. (B) Adult trajectories for simulated
model outputs
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SUPPLEMENTARY FIGURE 2

Simulating effects of JAK-STAT activator treatment. The JAK-STAT activator
production (a,) parameter is increased to simulate the effect of
administrating IFN. Raw magnitudes of the model trajectories are shown.

(A) Juvenile trajectories for simulated model outputs. (B) Adult trajectories for
simulated model outputs.

SUPPLEMENTARY FIGURE 3

Simulating effects of antiviral drug treatment. The monocyte recruitment
(ama) parameter is reduced to simulate the effect of an antiviral compound.
The model trajectories are normalized to the maximum value of each state
to the 0% knock-down scenario. (A) Juvenile trajectories for simulated
model outputs. (B) Adult trajectories for simulated model outputs.

SUPPLEMENTARY FIGURE 4

Simulating effects of antiviral drug treatment on all model outputs. The cell
infectivity (f) parameter is reduced to simulate the effect of an antiviral
compound. Raw magnitudes of the model trajectories are shown.
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